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Abstract

An estimated 400,000 children are born every year with rare genetic disorders
that significantly affect their quality of life. Early detection and intervention can
significantly improve the quality of life of these children. Craniofacial characteris-
tics contain highly useful information for clinical geneticists for diagnosis. This
thesis investigates the use of computer vision to aid in the automatic detection
of genetic disorders from ordinary facial photographs. This is a non-trivial task,
in part due to patient privacy concerns and the scarcity of training data. In the
following, we present several approaches to overcome these challenges.

First, we present a method for creating realistic-looking average faces for
individuals sharing a syndrome. These averages remove identifiable features, but
retain clinically relevant phenotype information and preserve facial asymmetry.
This procedure is completely automated, removing the need to expose patient
identities at any point during the process, and could be used to help facilitate facial
diagnosis in clinical settings. We also investigate creating transitions between
averages and exaggerated caricature faces to highlight phenotype differences
between patient groups.

Second, we investigate the classification of eight genetic disorders with shallow
and deep representations. We compare shape and appearance descriptors based
on local and dense descriptors and report significant improvements upon previous
work. Furthermore, we made use of transfer learning and part-based models to
train convolutional networks for syndrome classification. Our results show that
deep learning can be used in the context of classifying genetic disorders, and is
superior to shallow descriptors, despite small training datasets.

Neural networks are prone to learning biases present in training datasets
and basing their decisions on them. This is particularly relevant for training on
small datasets, as is the case in the domain of genetic disorders. We introduce a
bias removal algorithm that aims to overcome this challenge. We report three
distinct contributions. First, to ensure that a network is blind to a known bias in
the dataset, second, to improve classification performance when faced with an
extreme bias, and third, to remove multiple spurious variations from the feature
representation of a primary classification task.

Lastly, we introduce a novel image augmentation method for learning a deep
face embedding, the “Interpolated Clinical Face Phenotype Space”, that aims
to describe clinically relevant face variation. Our contributions are two-fold:
1) Interpolations between faces that share a class improve deep representation
training from small datasets. 2) Between-class interpolations that model the space
between classes improve the generalisation performance of the deep representation
to unseen syndromes.
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Abstract

An estimated 400,000 children are born every year with rare genetic disorders
that significantly affect their quality of life. Early detection and intervention can
significantly improve the quality of life of these children. Craniofacial characteristics
contain highly useful information for clinical geneticists for diagnosis. This thesis
investigates the use of computer vision to aid in the automatic detection of genetic
disorders from ordinary facial photographs. This is a non-trivial task, in part due
to patient privacy concerns and the scarcity of training data. In the following, we
present several approaches to overcome these challenges.

First, we present a method for creating realistic-looking average faces for
individuals sharing a syndrome. These averages remove identifiable features, but
retain clinically relevant phenotype information and preserve facial asymmetry.
This procedure is completely automated, removing the need to expose patient
identities at any point during the process, and could be used to help facilitate
facial diagnosis in clinical settings. We also investigate creating transitions between
averages and exaggerated caricature faces to highlight phenotype differences between
patient groups.

Second, we investigate the classification of eight genetic disorders with shallow
and deep representations. We compare shape and appearance descriptors based
on local and dense descriptors and report significant improvements upon previous
work. Furthermore, we made use of transfer learning and part-based models to
train convolutional networks for syndrome classification. Our results show that
deep learning can be used in the context of classifying genetic disorders, and is
superior to shallow descriptors, despite small training datasets.

Neural networks are prone to learning biases present in training datasets and
basing their decisions on them. This is particularly relevant for training on small
datasets, as is the case in the domain of genetic disorders. We introduce a bias
removal algorithm that aims to overcome this challenge. We report three distinct
contributions. First, to ensure that a network is blind to a known bias in the dataset,
second, to improve classification performance when faced with an extreme bias,
and third, to remove multiple spurious variations from the feature representation
of a primary classification task.

Lastly, we introduce a novel image augmentation method for learning a deep
face embedding, the “Interpolated Clinical Face Phenotype Space”, that aims
to describe clinically relevant face variation. Owur contributions are two-fold:
1) Interpolations between faces that share a class improve deep representation
training from small datasets. 2) Between-class interpolations that model the space
between classes improve the generalisation performance of the deep representation

to unseen syndromes.
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Introduction

Contents
M. Motivationl . ... . . . i i i it ittt 1
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1.1 Motivation

There are over 7000 known rare diseases, a number that is constantly increasing
(Amberger et al., [2015). A rare disease is defined in Europe as one that affects 1 in
20,000 individuals (Smith) 2015). Rare diseases can have many causes, e.g. changes
in genes or chromosomes, infections, allergies and environmental causes. Rare
diseases that are caused by changes in genes or chromosomes are referred to as genetic
disorders and make up for 80% of known rare diseases. These disorders can be verified
by identifying these changes, which can help characterise them and aid diagnosis.

Individually, these disorders are rare, but cumulatively up to 8% of the world’s
population is affected by genetic disorders (Baird et al., |[1988). Approximately
2-5% of children are born with developmental disorders that significantly affect
their quality of life (Ropers, 2010; [Sheridan et al., [2013]). This amounts to 400,000
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children every year, given the current global demographics. Some example images

of public figures with genetic disorders are shown in Figure [1.1

Famey, Academy | TELEY
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Figure 1.1: Example images of public figures with genetic disorders. Left to right,
top to bottom: American president Abraham Lincoln was thought to have Marfan
syndrome; social media celebrity Adalia Rose was diagnosed with Hutchinson-Progeria
syndrome; actors Warwick Davis, Peter Dinklage and Paralympian Ellie Simmonds have
been diagnosed with achondroplasia; actor Gaten Matarazzo has cleidocranial dysplasia;
actors Lauren Potter and Pablo Pineda are diagnosed with Down syndrome.

Early detection and intervention can significantly improve the quality of life

of subjects with disorders (Erhan and Belotserkovsky, 2014). However, only a

small minority of patients with suspected developmental disorders receive a clinical

diagnosis (Hart and Hart, 2009). This is, in part, due to the cause of many of

these disorders remaining unknown (Boycott et al., 2017). Everyone carries a large

number of rare variants, not all of which will be pathogenic, which makes isolating

the disease-causing variant difficult (MacArthur and Tyler-Smith| 2010)).

The most powerful approach for identifying a gene, specific to a disorder, is

by comparing multiple unrelated individuals with a shared disorder (Schuurs-

Hoeijmakers et al., 2012). The shared difference in genome, can then be associated

with the genetic disorder (Vorstman and Ophoff, 2013). In the case of ultra rare

genetic disorders, however, finding such subjects is very difficult due to the small

number of patients with a given disorder (Rath et al., 2014).
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One way to identify these individuals for treatment or genetic studies, is to
make use of visible manifestations of genetic disorders. 30-40% of genetic disorders
cause deviations from the norm in facial or cranial structure (Hart and Hart, [2009;
Shaffer et al., |2016). However, these facial manifestations are compounded by
the diverse, healthy variations in facial features between individuals. This means
that most clinicians may not be able to recognise all possible variants. Learning
to recognise these manifestations forms part of specialist training undertaken by
clinicians to become dysmorphologists.

In this thesis, we develop computer vision algorithms to facilitate the study and
diagnosis of genetic disorders. Our algorithms are fully automated and can analyse
ordinary facial photographs. This allows their use at scale, allowing us to benefit
from wide access to mobile phone cameras and high-speed internet. This also means
affected individuals and their families can directly submit their images without the
need for clinicians to collect data. Furthermore, our methods can be also be used
in settings where patient consent may restrict access to individual images.

The methods in this thesis are also applicable to variety of non-clinical face
analysis, e.g. when access to large datasets is limited, or when biases are suspected

in the training data or feature representations of networks.

1.2 Key Challenges

This section summarises some key challenges when using computer vision for the

facial detection of genetic disorders from ordinary photos.

Confidentiality and patient consent. De-identified patient records have been
widely used for clinical studies (Kushida et al., 2012). Faces, however, are by
definition identifiable. This severely limits the possibility to use them in clinical
education and computer vision research as it requires patients to consent to it. This
leads to a need for our algorithms to work completely automatically, for this to be
used ubiquitously in healthcare systems. Additionally, this illustrates the need for

the creation of de-identified faces that capture syndromic phenotypes.
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Lack of training data. Deep learning for face recognition has reached human-
level accuracies (Taigman et al., 2014). These advancements are in part due to the
availability of large-scale face recognition datasets, e.g. |Guo et al|(2016); Cao et al.
(2018)). However, training data at this scale is not available in the domain of genetic
disorders. For example, there are only about 114 children with the premature ageing
disorder Hutchinson-Progeria in the world (Sinha et al., 2014). Only a fraction
thereof will be photographed in a clinical setting, a smaller fraction thereof will be
made available with consent for research. This raises several challenges, such as

preventing over-fitting and dealing with imbalanced classes.

Biases in training data. Convolutional neural networks are known to encode
and amplify trends that are present in training datasets. These biases can be
present in multiple settings: 1) When transfer learning from a neural network that
was previously trained on large face datasets, that are usually composed of public
figures and celebrities. This may lead to inheriting the sex, age and ancestral origin
biases of the US film industry, e.g. women are usually younger than their male
counterparts. 2) A set of images pertaining to a syndrome may have things in
common, e.g. being collected from a single hospital that has blue-coloured walls, or
a preponderance of Western individuals, thus making these biases strong signals for
classification. These can affect the quality of networks that are trained on these

datasets, as they may ignore clinically relevant features in favour of biases.

Large number of known and unknown syndromes. We only had access to
images of about 50 syndromes across multiple clinical datasets. That is significantly
less than the over 7000 known existing disorders (Rath et al) 2014). This is
compounded by the significant numbers of disorders that have yet to be discovered.
Creating face representations that can classify only the few disorders that we have

training data for severely limits their utility in clinical practice. We therefore
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need to create models that encode clinically relevant variation that can generalise

beyond the training dataset.

1.3 Thesis Outline and Contributions

Creating Average Faces. (Chapter This chapter presents our work on
creating realistic-looking average faces from patient photographs. We show how
these can be used to de-identify the patients that form part of the average, whilst
retaining clinically relevant facial phenotypes. We also show our algorithm’s ability
to retain left-right facial asymmetry by measuring the shape and locations of face
parts. Furthermore, we present methods for creating transitions and caricatures
between averages to highlight the facial phenotypes. Lastly, average faces for 25

genetic disorders, generated from clinical datasets, are presented.

Classification of Genetic Disorders. (Chapter [4) This chapter presents our
experiments using engineered-feature based and deep representations for the classi-
fication of genetic disorders. We investigate shape and appearance representations
using hand-crafted features and data fusion thereof. Then, different deep neural
networks are trained, making use of transfer learning and part-based models. We
also contrast our methods to previous work in the field and show that our methods
significantly outperform them. Furthermore, we show that deep representations fair

better than engineered-feature based representations.

Removing Biases from Deep Neural Network Embeddings. (Chapter
In this chapter, we describe an approach to removing biases from the embeddings
of deep neural networks. We introduce a new dataset that we curated, Labeled
Ancestral Origin Faces in the Wild, that consists of 14,000 images of faces from four
different ancestral origins. We demonstrate the implications of dataset bias using a
publicly available face dataset to train age and gender classifiers. We demonstrate
that our method can improve the generalisation performance of networks trained

on biased datasets. We also show that multiple data sources can be used to remove
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multiple biases from the feature representation of a deep neural network.

Interpolated Clinical Face Phenotype Space. (Chapter @) This chapter
introduces an image augmentation method that can be used to improve training
networks when constrained to using face small datasets. We first demonstrate how
how interpolating between faces during training improves the classification accuracies
of a deep neural network. We then investigate the creating of an Interpolated Clinical
Face Phenotype Space, a face embedding, in which patients sharing disorders lie
close together. Then the benefits of interpolating within and between classes to learn
a face embedding that can generalise to new, unseen syndromes are investigated.

Lastly, we evaluate the learnt embedding on a large-scale clinical study dataset.

1.4 Publications

The work in this thesis resulted in a number of peer-reviewed publication listed

below in reverse chronological order:

The following publication resulted from work in Chapter 5

Mohsan Alvi, Andrew Zisserman, and Christoffer Nellaker. 2018. ‘Turning
a Blind Eye: Explicit Removal of Biases and Variation from Deep Neural Net-

work Embeddings’. Proceedings of the European Conference on Computer Vision

(ECCV)..

The following publications resulted from work in Chapter [3]

Margot R. F. Reijnders, Robert Janowski, Mohsan Alvi, et al. 2018. ‘PURA
Syndrome: Clinical Delineation and Genotype-Phenotype Study in 32 Individuals

with Review of Published Literature’. Journal of Medical Genetics 55(2):104-13.

Margot R. F. Reijnders, Robert Janowski, Mohsan Alvi, et al. 2018. ‘De Novo
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and Inherited Loss-of-Function Variants in TLK2: Clinical and Genotype-Phenotype
Evaluation of a Distinct Neurodevelopmental Disorder’. The American Journal of

Human Genetics 102(6):1195-1203.

Hemant Bengani*, Mark Handley*, Mohsan Alvi*, et al. 2017. ‘Clinical and
Molecular Consequences of Disease-Associated de Novo Mutations in SATB2’.
Genetics in Medicine 19(8):900-908.

(*) denotes authors contributed equally.

Jeremy F. McRae, Stephen Clayton, Tomas W. Fitzgerald, Joanna Kaplanis,
Elena Prigmore, Diana Rajan, Alejandro Sifrim, Stuart Aitken, Nadia Akawi,
Mohsan Alvi, et al. 2017. ‘Prevalence and Architecture of de Novo Mutations in

Developmental Disorders’. Nature 542(7642):433-38.
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This chapter provides an overview of the topics that are discussed in this thesis.
First, Section [2.1] provides background about other works to use computer vision
to detect genetic disorders. Section provides background into deep learning

with convolutional neural networks. We review computer vision applications in
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the face domain in Section Lastly, we present face datasets that were made
use of in this thesis (Section [2.4]).

2.1 Facial Detection of Genetic Disorders

In this section, we discuss applications of computer vision to the facial detection
of genetic disorders. First, we present an overview of early methods that involved
significant manual annotations (Section [2.1.1]). Thereafter, 3D photography and
scanning methods are presented (Section [2.1.2). Lastly, we provide an overview
of recent work making use of the advancements in automated facial landmark

annotation and deep learning (Section [2.1.4)).

2.1.1 Early Work with Significant Manual Input

Facial detection of genetic disorders using computer vision has been studied for
over 30 years. These approaches relied on significant manual input during data
capture and analysis.

One of the earliest uses of a neural network for detecting genetic disorders made
use of fully-connected multi-layer perceptrons (Herpers et al. [1993). Images were
converted to grayscale and were manually rotated, scaled and cropped to 55 x 72
pixels. The flattened image (3,960 pixels) was passed through a hidden layer of 2-10
neurons and an output layer was used to perform the binary classification between
10 images of dysmorphic faces and 21 images of healthy controls with 95% accuracy.

Manual annotation of landmarks on faces have been used to measure the
geometric properties of the face and to extract local textural information, the number
of which ranged from 32 (Loos et al., 2003)) to 48 (Vollmar et al., [2008) landmarks.

Gabor wavelets (Tai Sing Lee, 1996) of different scales and orientations were
used to describe grayscale images patches around these landmarks (Loos et al.,
2003)). Vollmar et al.| (2008) investigated the joint use of wavelets around landmarks
along with their standardised coordinates to also capture geometric information.
This analysis was done jointly for frontal and profile face photographs. Balliu et al.

(2014)) used pairwise distances between landmarks and the angles between vertices
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of the Delaunay triangulation of 48 manually placed landmarks to describe the
geometry of syndromic faces. In each case, the datasets that were analysed were
relatively small and collected under controlled lighting and pose conditions with
uniform backgrounds: 55 images of 5 syndromes (Loos et al., [2003), 200 frontal
and profile images of 14 syndromes (Vollmar et al [2008), and 205 images of 14

syndromes (Balliu et al 2014). In each case, one image per patient was used.

2.1.2 3D Photography and Scans

The use of three-dimensional (3D) imagery has also been investigated for the
purposes of studying genetic dysmorphism. These images are collected using
photogrammetric face scanners that record a depth point-cloud and 2D photographs
of a subject. These scanners are usually large need to be operated by a professional.

Hammond et al.| (2005) used photogrammetric face scanners that captured up to
20,000 automatically measured 3D points on the faces of 317 healthy controls, and
379 individuals with one of four syndromes. These were manually annotated with
21 3D landmarks to guide the creation of a dense surface model (DSM). Pairwise
discriminations between these DSMs for syndromes and control images resulted
in classification accuracies of up to 98%.

In a following study, [Hammond et al.| (2012) captured images with 25,000
automatically measured 3D points on the face for 55 individuals with disorders.
These were manually annotated with 24 3D landmaks to create DSMs, as in
(Hammond et al., 2005)). Averages were also created for syndrome subsets and
compared to age and sex matched control averages to create face signature heat
maps, showing the contraction and expansion relative to the control average.

More recently, Kung et al.| (2015) 200,000 point cloud, 12 manually annotated
landmarks for alignment. These were then described by registration against a
predefined facial template to obtain 10,000 automatically placed quasi-landmarks.
Kung et al.| (2015) used the quasi-landmarks to create a face space using principal

component analysis (PCA).
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Lewyllie et al.| (2017 used similar methods to (Kung et al., 2015) to automatically

place over 7,000 quasi-landmarks on face. They then used partial least squares

regression to investigate the effect of 22q11.2 Deletion syndrome on facial morphology.

Lewyllie et al. (2017)) also created 3D average faces that show how the phenotype

diverges from the healthy control average (Figure [2.1).

Three-dimensional imaging is becoming more affordable and portable thanks to
improved smartphone cameras. These images can overcome many of the challenges
that we face when using two-dimensional images, e.g. variations in pose and
lighting. As a result, we anticipate a greater focus on three-dimensional imaging

for clinical face analysis in the future.
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Figure 2.1: Relative inward/outward displacement of facial features of subjects with
22q11.2 Deletion Syndrome, when compared to the average 3D face shape of controls,
blue = inward displacement, red = outward displacement (Figure from Lewyllie et al.

(2017)).

2.1.3 Studying Healthy Facial Variation

The following concerns the study of healthy variation of facial shape. This is
particularly important for disentangling healthy facial variation from that caused

by genetic disorders.
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Djordjevic et al.| (2016) made use of 3D facial images of female twins to study the

relative genetic and environmental contributions to facial morphological variation
by comparing the facial variation between monozygotic (identical), dizygotic (non-
identical) and unpaired twins. The images were taken under restricted head
pose, facial expression and lighting conditions. Faces were compared by first
manually placing 37 landmarks and comparing principal components and pairwise
distances between landmarks. They concluded that genetic factors can explain
more than 70% of the phenotypic facial variation in facial size, nose shape, lips
prominence and inter-ocular distance.

Genome-wide association studies (GWAS) and 3D facial images find correspon-

dences between facial shape and genetic information (Claes et al., 2018)). The

authors aimed to study the genetic basis of human facial shape in order to predict

facial shape from genome data. Hierarchical spectral clustering (Ng et al., 2002)

was used on 10,000 3D measure points on the face to partition the face into global-
to-local segments, shown in Figure Common shape differences in each segment

were corresponded back to genome data.

S
b g

6 L7

Figure 2.2: Global-to-local facial segments found using hierarchical spectral clustering
(Figure from |Claes et al (2018)).
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2.1.4 Automated Approaches

The manual nature of the methods in sections 2.1.1] and [2.1.2] limits their practical

application. This is due to the requirement for images to be taken under the same
lighting and pose conditions with selected cameras, and the manual annotation
effort that must be undertaken by an expert. High-quality 2D digital cameras
are now affordable and widely available. Improvements in computer hardware
also make computer vision algorithms more easy to train and execute. This has
lead to the study of automated methods for facial analysis from ordinary photos,
that do not require manual annotation.

The Constrained Local Model (CLM) (Cristinacce and Cootes, |2008) and Active
Appearance Model (AAM) (Cootes et al., |1998)) have been used to automatically
annotate facial landmarks on the face. Both of these methods make use of
local landmark classifiers and a global template model to constrain the relative
positions of landmarks.

These were used to automatically annotate 44 landmarks on the face and to ex-
tract local geometric and texture features (Zhao et al., 2014} |Kruszka et al., 2017a,bl,
2018)). These were used to conduct classification between individuals with disorders
and gender and age matched controls using support vector machines (SVM).

Local Binary Patterns (Ahonen et al., 2004) were computed around 130 au-
tomatically detected facial landmarks and used as features to recognise Cornelia
de Lange syndrome (CdLS) (Basel-Vanagaite et al. 2016). A wavelet-based face
detector (Viola and Jones, 2004)) was used to initialise a chains model (Karlinsky’
et al., 2010) to detect the locations of the 130 facial landmarks. Distances between
landmarks and the extracted local binary patterns around them were used to
compare CdLS and healthy controls. The algorithm significantly outperformed
the detection rate of experts.

Data fusion between shape and appearance description was also investigated by
Ferry et al.| (2014)). Faces were described by concatenating all pairwise distances
between 36 automatically placed landmarks (the shape descriptor) and grayscale

values around 13 facial landmarks (the appearance descriptor). These were jointly
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Figure 2.3: Two dimensional representation of the Clinical Face Phenotype Space,
showing the separation of different dysmorphic syndromes. The CIF-factor, that is, the
X-fold better clustering than random expectation, is also given with each syndrome.
(Figure from [Ferry et al.| (2014))

used to train a discriminant embedding, the ‘Clinical Face Phenotype Space’, that
models human facial dysmorphisms (Figure . A key contribution of their work
was the investigation into generalising to unseen syndromes beyond the training
dataset. This work made use of 1,363 facial images across 8 syndromes and 1,515

healthy controls.

Advancements in transfer learning of deep neural networks has led to researchers
making use of deep feature representations for syndrome classification.
investigated the use of deep representations trained for unrelated tasks
and appropriated them for the task of classifying genetic disorders. They made

use of an AlexNet trained on ImageNet to extract features and classified these
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using SVMs. Deep representations were extracted for different parts of the face
and concatenated, before classification. 1,126 images of 6 syndromes were collected

and classified with 98.8% accuracy with this method.

INPUT IMAGE EXTRACT PHENOTYPE OUTPUT SYNDROMES
= r MR XL Bain Type
Angelman

Prader-Willi
Ch 1p36 del

Down
Holoprosencephaly
Potocki-Lupski
Phelan—McDermid
Fetal alcohol
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Fragile X MR
Williams-Beuren
Trisomy 18
Tetrasomy 18
DiGeorge
Greig CPS
Rubinstein-Taybi

Skraban-Deardorff
Lubs XL MR

kt||"'|' ""'--M”W

SIMILARITY SCORE

Figure 2.4: DeepGestalt part-based deep learning approach: Networks are trained to
classify each face part and jointly vote for the final classification. (Figure from (Gurovich;

et a} p019))

Transfer learning was also used by |Gurovich et al.| (2018, [2019) to train their

algorithm, named DeepGestalt, is also a part-based model, like (Shukla et al.|
2017). A large face recognition dataset (Yi et al., 2014) was used to pre-train

different networks for each face part and then fine-tuned on 26,190 syndromic
images. At inference, the outputs from individual face-part networks were used
to jointly predict 215 syndromes from a test set of 502 images (Figure . This
work was run by FDNAEI, a company that is also looking to answer many of the

same research questions that are presented in this thesis.

2.2 Deep Learning with Convolutional Neural Net-
works

Convolutional neural networks (CNN) are the state-of-the-art for image classification

and have outperformed engineered-feature based methods on public benchmarks

(Chatfield et al. [2014). They are a type of deep neural network, that contain layers

with convolutional filters, instead of only assigning unique per-pixel weights as in

thttps://www.fdna.com/
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fully-connected networks. A convolutional filter is defined by a set of trainable
weights that slides across the whole input, at each point convolving with a local
image patch. The output is then fed forward to the next layer of the network.
These filters are trained to extract similar patterns, or features, in data that are
spatially connected, e.g. different parts of the image. A typical CNN consists
of a number of convolutional layers, followed by several fully-connected layers.
These layers extract low-level features that are translated into higher level concepts
layer-by-layer. The fully-connected layers can be thought of as conducting inference
on features extracted by the convolutional layers.

An introduction to different CNN architectures is given in Section [2.2.1] The

next two sections pertain to methods that are particularly useful for training CNNs

with smaller training datasets (Sections [2.2.2] and [2.2.3)). Lastly, a summary of

methods for learning deep embeddings are detailed in Section [2.2.4]

In the context of this thesis, deep learning will refer to the use of CNNs.

2.2.1 Network Architectures

The AlexNet architecture (Krizhevsky et al., 2012) was one of the first widely used
CNNs for image classification and achieved state-of-the-art performance on the
ImageNet Large Scale Visual Recognition Challenge (ILSVRC) (Deng et al., 2009).
It consists of five convolutional layers and two fully-connected layers.

Simonyan and Zisserman (2014) showed that CNNs could be improved by
increasing their depth. Their VGGNet architecture used small 3 x 3 convolutional
filters and 19 layers and significantly improved upon the AlexNet architecture when
evaluated on ILSVRC. The VGG-M architecture of (Chatfield et al.| (2014)) aims to
strike a balance between greater performance and faster training times and consists
of five convolutional layers and three fully connected layers.

Network depth has been directly correlated with improving accuracy of CNNs
(He and Sun| 2014} |Simonyan and Zisserman), [2014), however, researchers found that
they are more challenging to train (He and Sun, 2014; [Srivastava et al., 2015)). He

et al. (2015)) investigated networks with up to 152-layer networks, 8 x deeper than
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VGG nets. They overcome the difficulties in training this model by introducing
skip connections around residual blocks (Figure [2.5]). Their ResNet50 variant is a
50-layer residual network that has been widely adopted for image classification.
Squeeze-and-Excitation networks (SENet) (Hu et al., 2017) are an extension of
the ResNet architecture where inter-dependencies between channels are modelled.

ResNet and SENet are currently considered the best classification architectures.

X
\ 4
weight layer
]—"(X) J relu «
weight layer identity

Figure 2.5: Residual block of ResNet architecture. Figure from (He et al., [2015).

2.2.2 Transfer Learning and Domain Adaptation

Deep learning relies on large datasets for training, which are not always available.
Transfer learning aims to circumvent this limitation where domain-specific training
datasets would usually be considered too small (Shao et al., [2015; |Girshick et al.|
2013;; |[Long et al., 2015 |Oquab et al., [2014)). Networks that are trained on large
datasets in other domains, such as ImageNet (Deng et all 2009) and VGGFace2
(Cao et al.l [2018)) can be trained further to build a domain-specific classifier.
This does, however, limit us to using the pre-existing architecture. Pre-training
refers to an architecture of choice being trained on a large dataset to initialise
the domain-specific training task.

Domain adaptation is a field of research that aims to adapt a feature represen-
tation for a task in a source domain to the same task in a target domain, e.g. if
trained on images in daylight, generalising to images at night-time (Ganin et al.,

2017; Tzeng et al| [2015} [Tzeng et al., 2017). An illustration of this approach is
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given in Figure One approach is to use domain discriminators to measure

whether a network can identify the source domain of a given image (Tzeng et al.,
2015} Tzeng et all 2017)). The rationale behind this method, is that making the

feature representation domain agnostic will make it more transferable. A benefit of

this approach is that the target domain need not be exhaustively labelled.
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Figure 2.6: Domain adaptation by introducing domain confusion loss during training.
(Figure from (Tzeng et al., 2015)).

2.2.3 Image Augmentation

The parameters that define these layers are learned directly from the training

data. A typical CNN contains a large number of parameters, e.g. the VGG-M

framework contains over 100 million (Chatfield et al.| 2014), but large datasets

often only contain around 1 million images (Deng et al., 2009)). One of the main

challenges during training with such a large number of tunable parameters is to avoid
over-fitting. Image augmentation is one approach for overcoming this challenge.
Image augmentation aims to artificially increase the size and diversity of the

training dataset. There are two forms of augmentation. One that creates a new



2. Background and Related Work 19

Figure 2.7: Random combinations of image augmentations that are used when training
CNNs. These examples contain random crops, rotation, horizontal flips, grayscale, blur,
noise, changes in exposure, and JPEG compression.

instance of a single class. This can be done by applying geometric and colour
transformations on an image, by adding noise or blurring, and partial occlusion.
Second, images from different classes can be mixed by manipulating pixel values or
by feature space manipulation to generate mixtures with generative models. Figure
demonstrates a random combination of typical image augmentations that would

be applied to an image at training time.

In the following, we present some popular image augmentation techniques.

Geometric transformations. These can include rotations, random crops, hori-
zontal and vertical flipping, affine transformations, warping, and translations. Each
of these return a slightly changed perspective of an image. Not all geometric
augmentations are always appropriate, e.g. training a face classifier with upside-
down face augmentations may deteriorate classifier performance. It may be more
appropriate to ensure faces to be upright during pre-processing. Anisotropic
transformations change the shape of a face, which is a strong signal for detection

genetic disorders and are therefore avoided.

Color transformations. The appearance of an images can be adjusted to reflect
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different lighting conditions, by increasing and reducing its exposure and contrast.
Additionally, noise can be added to colour channels to simulate differences in white-
balancing. Even though colour images contain a richer signal for classification,
converting images to grayscale allows networks to generalise to test cases of images

without colour.

Noise, Blurring, Compression. The human eye is far better at identifying
objects in noisy images than computer vision models, something that is confirmed
by the wide-spread use of CAPTCHA graphics. Gaussian or motion blurs and
different types of noise can be added to images to make the network’s feature
representation more robust. The same is true for image compression. JPEG
compression is used at point of capture and in post-processing to reduce the file-size
of images. This does not significantly affect their appearance to the human eye, but

it does change the appearance to the neural network.

Mixup. The image augmentations mentioned so far aim to model the within-
class distribution given different appearances of a training image. The Mixup
algorithm (Zhang et al., 2017)) aims to extend the training data to samples between
classes. It assumes that linear interpolations in the feature representation of images
should map onto linear interpolations of the associated targets. This method has
led to improved classification performance and was shown to improve the robustness

of representations (Zhang et al., |2017)).

2.2.4 Learning Deep Embeddings

An image embedding is a low-dimensional representation of an input image. In
the supervised case, we assume access to a training dataset that contains images
and their class labels. The objective would be to learn an embedding that captures
information about the relationship between the images and their classes, such that

images of a shared class are placed close together in the embedding space.
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An embedding, in the context of a neural network, is a feature representation of
an image that has been trained for a specific task. This is usually the output of a
fully-connected bottleneck layer for a classification network, of the output of the final
layer for an embedding network. Three methods for creating embeddings are detailed

below: 1) siamese networks, 2) prototypical networks, and 3) triplet networks.

Learning an Embedding with a Siamese Network

A siamese network (Chopra et al.; 2005) compares the embeddings of pairs of images
(z1,22) using a contrastive loss function (Equation [2.1)). At each instance, two
images are passed through the network and their distance in embedding space,
D(z1,x5), is compared. The objective is to create an embedding space, in which
positive pairs (y = 1) of images of the same class lie closer to each other than

negative pairs (y = 0) of images for different classes by at least a margin m.

L(x17$27y) = yD(xlwxé) + (1 - y) maX(07 m — D(.Z'b,]?g)) (21)
Learning an Embedding with a Prototypical Network

Prototypical networks (Snell et al., 2017) are used in instances where only small
amounts of training data are available. They aim to learn an embedding in which
all members of a class cluster around a prototype representation of that class. At
each iteration, K classes are selected. A prototype ¢ for class k is calculated from a
subset of images belonging to that class, Sy , called the support examples (Equation
. Predictions are then made for a set of query images ¢, by finding the closest
prototype. The loss function is the softmax loss over the distance between the

correct prototype and a query image (Equation [2.3]).

1 |Sk|

% =I5 > flx), (2.2)

i=1

where f(x;) is the embedding of image z;.

D @)sex)
Lizy=Fk)=~log <§j{i1 eD(f(x),cn) (2:3)
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Learning an Embedding with a Triplet Network

Triplet learning was introduced by (Schultz and Joachims, 2004)) where relative
comparisons such as “A is closer to B than A is to C” are used to learn a distance
metric. More recently, it has been used successfully in deep learning for face
verification (Schroff et al., [2015)).

Triplet networks are trained by sampling three images (x,z,,z_), where the
anchor image x and positive image x, are from the same class and the negative
image x_ is from a different class. The triplet loss minimizes the distance in
embedding space between the anchor and the positive, and maximizes the distance

between the anchor and the negative (Figure [2.§)).
Negative

Anchor LEARNING
Negative

Anchor _.
Positive Positive

Figure 2.8: Triplet sampling method for training face embeddings (Figure from (Schroff
et al., 2015))

2.3 Computer Vision Applications to Faces
This section provides an overview of computer vision applications in the face domain.

2.3.1 Detecting Face Landmarks

The field of face annotation aims to localise a set of feature points on a facial
photograph. These are usually chosen at key locations on the face, e.g. the eyes,
nose, mouth, and jaw-line. The training dataset is usually pre-annotated with
ground truth locations for landmarks.

Active Appearance Models (AAM) (Cootes et all [1998; |[Edwards et al., [1998])
combine SVM classifiers for each landmark with a statistical model of shape variation

to decide on the best constellation of landmarks.
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Iterative methods initialise a shape constellation and update the estimated
landmark positions at each iteration based on local features. The Supervised
Descent Method (SDM) does so by treating the annotation task as a minimisation
problem, where the difference between feature representations of predicted landmarks
and their true locations, described using the SIF'T descriptor (Lowe, 2004)), must be
minimised (Xiong and De la Torre, [2014)). They do so by learning the parameters
for an approximation of Newton’s method directly from the dataset. Another
iterative approach was taken by |Kazemi and Sullivan| (2014)) to learn an ensemble of
regression trees. Starting from an initial average shape, at each iteration, an update
vector is predicted that is added to the current shape. The landmarks are predicted
based on image features and assigned an index based on the shape estimate at that
iteration. This allows for an element of shape invariance, which as the algorithm
progresses, reduces when the locations of landmarks become more certain.

Deep methods have also been used in cascades, where the output of earlier
networks is a more coarse prediction and following networks make finer adjustments.
A three-level cascade model was investigated by [Sun et al. (2013). They also
use local weight sharing to learn more effective regional properties, e.g. eyes are

semantically different to the mouth.

2.3.2 Face Verification and Classification

Face verification and classification is based on learning a representation that is
invariant to expression, age, pose, lighting, and occlusions. This representation
can then be compared to other representations. To verify that two images contain
the same individual, their feature representations must lie close to each other in
the face representation space (Figure .

Face descriptors using Fisher vector encodings were investigated by Simonyan
et al.| (2013). A Gaussian mixture model was learned to encode dense SIFT
descriptors of faces in the training data. This descriptor was further improved
by discriminant metric learning. This method was the state-of-the-art for face

recognition using engineered-feature based representations.



2. Background and Related Work 24

Feature representation

Figure 2.9: Face verification example: Feature representations are extracted for two
pairs of images of two identities (red, blue). If the features lie within a distance threshold,
they are considered to be of the same identity.

Recent advancements in convolutional neural networks and access to large-scale
training datasets have led to a number of deep approaches to face verification.
DeepFace uses a frontalization algorithm to normalise the inputs to a deep network

consisting of two convolutional layers, three locally-connected layers and two fully-

connected layers (Taigman et al.,|2014)). The frontalization algorithm is guided by a

landmark annotation algorithm followed by 2D alignment to a generic shape model.
They also make use of the representation two compare individuals using a learned,

weighted distance metric using linear SVMs. The network and a frontalization

example are shown in Figure [2.10]

>

&

REPRESENTATION
SFC labels

F7: 2:3

M2: s Ls: 6 :
4096d 4030d

- 3 L4: 3 3
32x3x3x32 16x9x9x32 16x9x9x16 16x7x7x16 16x5x5x16
@71x71 @63x63 @55x55 @25x25 @21X21

C1:
Calista_Flockhart_0002.jpg Frontalization: 32x11x11x3
Detection & Localization @152X152x3 @142x142

Figure 2.10: Outline of DeepFace architecture. The face is first detected and annotated
with landmarks that are used to frontalize the face with the use of a 3D model. The
network consists of two convolutional layers, three locally-connected layers and two fully-
connected layers. The penultimate layer represents the deep feature representation of the
face (Figure from Taigman et al| (2014))

Facenet is trained to directly optimize a compact 128-dimensional embedding,
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instead of an intermediate bottleneck layer (Schroff et al.l 2015) using an Inception
network architecture (Szegedy et al., [2014). The network was trained using triplets
(Section [2.2.4]). The triplet network learns an embedding in which individuals of
shared identity are closer to each other in embedding space that those of different
identities. The network was trained on 100M-200M images of 8M individuals
and achieved state-of-the-art performance on the LFW dataset (Huang et al.
2007). Parkhi et al. (2015) trained a VGG-16 network (Simonyan and Zisserman,
2014) on the VGGFace dataset (Section [2.4.3)), which, even though it contained
significantly fewer images (2.6M for 2.6k identities), also achieved comparable results
to [Schroff et al. (2015)). This work was further extended by (Cao et al.| (2018), who
trained Resnetb0 (He et all) [2015) and SENet50 (Hu et al., 2017) networks, on
the VGGFace2 dataset (Section [2.4.4)).

2.4 Face Datasets

We now present the face datasets that were used for the results in this thesis. We
will describe the clinical face datasets we used for syndrome classification followed
by two large-scale face recognition datasets, VGGFace and VGGFace2, that were

also used to pre-train networks, which were used to train the learning algorithms.

2.4.1 Clinical Face Datasets

Publicly available datasets containing faces of individuals with genetic disorders
are scarce. This is in part due to the nature of these disorders being rare, and
in part due to confidentiality restrictions.

We used three clinical face datasets to train and evaluate algorithms for the
facial detection of genetic disorders, which we will discuss in turn: the previously
published LSITW dataset, the Minerva Image Resource, the Patients in PubMed
Publication dataset, and the Deciphering Developmental Disorders Dataset.

There are a small number of public figures that are known to have genetic

disorders, some of which are shown in Figure [I.I] These images are representative of
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the types of images in the clinical datasets that we used for training the algorithms

in this thesis, which we cannot publish due to patient privacy concerns.

LSITW: Labelled Syndromes in the Wild

The Labelled Syndromes in the Wild (LSITW) dataset was procured by [Ferry
et al. (2014)) for the purpose of classifying genetic disorders from facial photographs.
The dataset consists of 1,363 images of eight genetic disorders and 1,515 healthy
controls. The images were collected from publicly available sources on the internet.
The dataset is diverse in terms of sex, age, ancestral origin, facial expression,
lighting, pose and image background.

A detailed summary of the dataset is given in table 2.1 The training data
consists of 80% of the images for each class and the remaining 20% of images

are held out for testing.

Table 2.1: List of images and syndromes in LSITW dataset

Syndrome Images
Angleman 205
Apert 203
Cornelia de Lange 179
Down 199
Fragile X 164
Progeria 78
Treacher Collins 103
Williams-Beuren 232
Healthy Controls 1,515

Minerva Image Resource

The Minerva Image Resource (MIR) is a soon to be released dataset collected and
maintained by the Minerva Initiative (Nellaker et al., 2019)). The Minerva Initiative
aims to enable more research in the field of diagnosis by means of image analysis.

The MIR is a repository of images from a number of clinical collaborations. Apart
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from facial photographs, images of other body parts are also present. We used a face
detector to filter out the images that did not contain faces, resulting in 1,367 images.

Some of the syndrome groups in this dataset consist of only a few individuals,
and were thus too small to be used in our experiments. We only made use of
syndromes that were shared by more than 10 patients. Table summarises the

remaining 1,244 images and syndromes that were used in this thesis.

Disorder / Gene Images
16p11.2 Del 55
16p11.2 Dup 33
17g21.31 microdeletion syndrome 149
Achondroplasia 10
B-Raf proto-oncogene, serine/threonine kinase 39
Coffin-Lowry syndrome 22
Cornelia de Lange syndrome 270
Costello syndrome 11
Down syndrome 38
Gorlin syndrome 26
Hutchinson-Gilford progeria syndrome 10
KRAS proto-oncogene, GTPase 11
Kleefstra syndrome due to 9934 microdeletion 133
Lenz-Majewski hyperostotic dwarfism 18
Monosomy 5p 15
Myeloid neoplasms associated with eosinophilia and 10
abnormality of PDGFRA, PDGFRB or FGFR1

Noonan syndrome 111
Orofaciodigital syndrome 10
Otopalatodigital syndrome 16
PGAP3 31
PIGA 39
PIGN 14
PIGT 21
PIGV 36
PTPNI11 19
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Rothmund-Thomson syndrome 11
SOS Ras/Rac guanine nucleotide exchange factor 1 32
Sotos syndrome 15
Waardenburg syndrome 19
protein tyrosine phosphatase, non-receptor type 11 20

Table 2.2: List of images and syndromes in Minerva Image Resource

Patients in PubMed Publications

Patients in PubMed Publications (PiPP) is a dataset that has been curated by means
of mining medical publications of rare disorders (Dawson et al. 2017). PubMed is
an online resource with over 30 million citations for biomedical literature. Some
of these publications contain facial photographs of individuals with rare disorders.
Dawson et al.| (2017) developed an algorithm that can harvest facial photographs
from publications pertaining to a syndrome. The images were then manually verified
to be examples of the queried disorders. The image quality varies significantly
across the dataset. Some images from older publications, that were presumably
digitised by scanning, are grainy and monochrome, whereas newer publications
contain higher quality photographs. We only used disorders that contained more

than 10 patients, resulting in 1501 images which are detailed in table [2.3]

Disorder / Gene Images
17p13.3 microduplication syndrome 15
17g21.31 microdeletion syndrome 17
7q11.23 microduplication syndrome 36
Aarskog-Scott syndrome 39
Acrofacial dysostosis 17
Angelman syndrome 151
Apert syndrome 20
Auriculocondylar syndrome 12
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Cardiofaciocutaneous syndrome

Cleidocranial dysplasia

Coffin-Lowry syndrome
Craniofacial-deafness-hand syndrome
Craniosynostosis

DYRK1A-related intellectual disability syndrome
Ehlers-Danlos syndrome

Ehlers-Danlos syndrome, dermatosparaxis type
Ehlers-Danlos syndrome, musculocontractural type
Fragile X syndrome

Frontometaphyseal dysplasia

Goldenhar syndrome

Gorlin syndrome

Hemifacial microsomia

Hypertelorism, Teebi type

Jackson-Weiss syndrome

Loeys-Dietz syndrome

Mandibulofacial dysostosis

Mandibulofacial dysostosis-microcephaly syndrome
Marfan syndrome

Melnick-Needles syndrome

Monosomy 9q22.3

Muenke syndrome

Nager syndrome

Oculodentodigital dysplasia

Orofaciodigital syndrome

Orofaciodigital syndrome type 1

Pitt-Hopkins syndrome

Prader-Willi syndrome

Proteus syndrome

Rett syndrome

Saethre-Chotzen syndrome

Shprintzen-Goldberg syndrome

50
31
34
22
11
15
71
19
25
86
29
26
19
12
12
12
25
70
19
45
17
15
25
15
18
11
11
93
93
40
13
27
38

29
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Treacher-Collins syndrome 80
Waardenburg syndrome 21
Waardenburg syndrome type 1 17
Williams syndrome 51
X-linked intellectual disability with marfanoid habitus 16

Table 2.3: List of images and syndromes in PiPP database

Summary of Clinical Face Datasets

Table 2.4] summarises all of the clinical datasets that are listed in this section.

Disorder / Gene Images
16p11.2 Del 55
16p11.2 Dup 33
17g21.31 microdeletion syndrome 149
Aarskog-Scott syndrome 10
Achondroplasia 10
Acrofacial dysostosis 16
Angelman syndrome 224
Apert, 203
Auriculocondylar syndrome 10
B-Raf proto-oncogene serine/threonine kinase 39
Cardiofaciocutaneous syndrome 32
Cleidocranial dysplasia 12
Coffin-Lowry syndrome 40
Cornelia de Lange syndrome 449
Costello syndrome 11
Down syndrome 237
Ehlers-Danlos syndrome 26
Fragile X syndrome 218
Goldenhar syndrome 12
Gorlin syndrome 40

30
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Healthy Controls 1515
Hutchinson-Gilford progeria syndrome 88
KRAS proto-oncogene GTPase 11
Kleefstra syndrome due to 934 microdeletion 133
Lenz-Majewski hyperostotic dwarfism 18
Mandibulofacial dysostosis 31
Marfan syndrome 32
Monosomy 5p 15
Muenke syndrome 14
Myeloid neoplasms associated with eosinophilia and 10
abnormality of PDGFRA, PDGFRB or FGFR1
Nestor-Guillermo progeria syndrome 10
Noonan syndrome 111
Orofaciodigital syndrome 24
Otopalatodigital syndrome 26
PGAP3 31
PIGA 39
PIGN 14
PIGT 21
PIGV 36
PTPN11 19
Prader-Willi syndrome 41
Proteus syndrome 15
Rothmund-Thomson syndrome 11
SOS Ras/Rac guanine nucleotide exchange factor 1 32
Saethre-Chotzen syndrome 17
Sotos syndrome 15
Stickler syndrome 10
Treacher-Collins syndrome 150
Waardenburg syndrome 49
Williams syndrome 248
protein tyrosine phosphatase non-receptor type 11 20

Table 2.4: List of all images and syndromes that were used in this thesis.
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2.4.2 Deciphering Developmental Disorders study

The Deciphering Developmental Disorders dataset (DDD) is the result of a lon-
gitudinal study (Deciphering Developmental Disorders Study et al., |2017)) that
aims to use new genetic technologies to help diagnose developmental disorders.
Patients were recruited to the study in 24 regional Genetics Services across the
United Kingdom and Republic of Ireland. It contains genetic and photographic
information for over 12,000 undiagnosed individuals.

Due to consent restrictions, we were not given access to these images. The
algorithms were, therefore, packaged into command-line scripts that were run
“blind”. A face detector was used to identify which images from the total set of
14,000 contained faces. These were then annotated using methods from Section
[3.2.2] This resulted in 12,706 images of 6,781 patients. Non-identifiable, deep
representations were extracted from the images and analysed further.

Diagnosis is only available for a minority of patients. The dataset contains
a confirmed diagnosis for 135 patients, and information about genetic variants

for 1676 patients.

2.4.3 Other Datasets

We made use of two widely-used, non-clinical face verification datasets, VGGFace

and VGGFace2.

VGGFace Dataset

VGGFace is a face recognition dataset consisting of 2.6 million facial photographs of
2,622 public figures (Parkhi et al |2015)). The dataset was procured by downloading
publicly available images of popular individuals listed on the Internet Movie Data
Base (IMDB)EI using the Google Image Search engine. Many of these images may

not contain the identity in question, so these needed to be removed. To this end,

Zhttps://www.indb. com
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Parkhi et al.| (2015)) trained linears SVMs on an engineered-feature based feature
representation of the top 50 Google search results for each individual. All images
were then ranked by classifier score and only the top images were retained. The
images were then manually filtered to remove any further noise. Some example
images are shown in Figure [2.11}

The training data consists of 89% of images and the remaining 11% were

reserved for testing. All identities occur in both sets.

2.4.4 VGGFace2 Dataset

VGGFace?2 is a face recognition dataset consisting of 3.31 million facial photographs
of 9,131 public figures (Cao et all 2018]). It consists of publicly available images, of
individuals in the Freebase knowledge graph E| for which a sufficiently large number
of images were found using the Google Image Search engine. VGGFace2 contains a
greater variety of ages and poses for each identity when compared to VGGFace. This
was achieved by appending keywords, such as “sideview” and “very young” to an
individual’s name. As a result, networks trained on VGGFace2 for face verification
were shown to be more invariant to age and pose than those trained on VGGFace
(Cao et al., 2018). Figure contains some example images, demonstrating the
variation in age and pose for several identities in the dataset.

The training dataset consists of 8631 identities and the remaining 500 are

reserved for testing.

3https://www.freebase.com


https://www.freebase.com

2. Background and Related Work 34

(a) Age variation examples (b) Pose variation examples

Figure 2.12: Example images from the VGGFace2 dataset (Cao et al., 2018). Two rows
of images are shown for each identity to demonstrate (a) age and (b) pose variation in
the dataset.
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A significant number of genetic disorders have manifestations in facial or cranial

structure (Hart and Hart|, 2009} [Shaffer et al., 2016) that can help clinicians in

diagnosing patients. However, confidentiality concerns that arise when sharing

identifiable patient photographs mean that many clinicians have not seen the

facial phenotype of many syndromes. We believe that visual libraries of known

phenotypes that do not identify patients could present clinicians with a learning

and reference tool to aid diagnosis. This leads us to investigate methods for

synthesising

de-identified composite faces, which capture the clinically relevant

phenotype for a given disorder.

35
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In the following, we present our method for creating realistic-looking average
faces that preserve phenotype information and left-right facial asymmetry. The
algorithm is completely automated, making use of face detection and annotation
algorithms, which enable the creation of average faces without exposing the identity
of any individual at any point during the process. This chapter makes use of face
detectors and annotators from (King, [2009)).

The methods in this chapter are a result of an iterative procedure to improve
the quality of the average faces. Section [3.2.2] introduces our shape alignment and
averaging algorithm that is robust to out-of-plane rotations. This allows the use
of images with a wider range of poses. Averaging faces can result in “averaging
out” clinically relevant facial asymmetries, which we account for in Section |3.2.2]
Section describes how we warp the pixel values of individual images to create
the average face to improve de-identification. We present results of our methods
in Section [3.4] The average faces were constructed using images from several
clinical datasets (Section [2.4).

We found that creating transitions between different patient groups highlighted
the differences between them. In Section 3.5 we describe how to create transitions
that warp the shape and appearance of a face smoothly to another face. Furthermore,
in Section [3.6] we discuss the creation of caricature averages, that exaggerate the
difference between the syndrome characteristic phenotype and healthy controls.

Lastly, we discuss the ability of our algorithm to de-identify the average by
removing identifiable features from each constituent image (Section . We also
present an experiment to quantify the level of de-identification for averages with

increasing numbers of members.

3.1 Background

Face averaging has been extensively studied in the context of understanding facial
beauty (Langlois and Roggman), 1990; Langlois et al., [1994; Rhodes et al., [1999;
Rennels et al., [2008). Early research required images to be taken under controlled

environments, with pose, position and lighting being strictly controlled. More
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recently, facial landmarks have been introduced as a means to allow for fewer
restrictions on the input images, e.g., a software tool called InterFace that allows
manipulation of faces and the creation of transitions and averages (Kramer et al.|
2017). These face manipulation tools generally rely on manual annotation of, in
some cases, over 100 facial landmarks (Rhodes et al. [1999).

Tiddeman et al.| (2001) use average faces, that they name prototype images, to
define transformations between characteristic prototypes of face attributes e.g. age.
These can be used to apply these attributes onto new faces, e.g. to make a young
face appear older. Face averaging as a means to mitigate the natural variations
between photographs of an individual, e.g. pose, lighting, and expression, was used
by |[Robertson et al.| (2015) to improve mobile phone face recognition.

Average faces have been hypothesized to look more attractive, as they average
out individual asymmetries and look more symmetrical (Langlois and Roggman,
1990; [Lyengar et al., |2015). Certain disorders, however, can cause a phenotype
that appears on only one side of the face. When averaging faces naively, one can
unwittingly “average out” this phenotype.

Some research groups (Baird et al., [1988; Ferry et al.; 2014) and companieﬂ have
previously investigated average faces for the purpose of visualizing facial phenotypes.
Most of these methods, however, rely on manual annotations to create accurate
images, greatly limiting their scalability. They also do not look realistic, lacking
colour or presenting unnatural facial symmetry.

Averaging 3D faces has also been investigated to study facial archetypes (Shaweesh
et al., 2006} Seager et al. 2009). In both papers, individuals were photographed
using 3D cameras and the resulting face shells were averaged to assess differences

in facial morphologies of different ancestral backgrounds.

3.2 Averaging Algorithm

We introduce a fully-automated, three-step algorithm that can create average

faces from facial photographs, such as those shown in Figure [3.1] There are three

https://www.face2gene. com
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main steps in our algorithm:

1. Face detection and annotation of 68 defined facial landmarks on the face.

2. Creation an average face mesh from multiple individuals with a shared genetic

disorder, which we name the shape average.

3. Warping of individual faces onto the average face mesh to create the average

face, which we name the appearance average.

Figure 3.1: Sample images that can be input into our averaging algorithm

3.2.1 Face Detection and Annotation

The averaging algorithm depends on accurate face detection and landmark anno-
tations, which are used to create the averages.

We make use of a CNN face detector and a 68-landmark annotation algorithm

based on work by [Kazemi and Sullivan (2014). Both of these are available as
part of the DLIB machine learning toolbox (King, 2009). Figure shows the

positions of the landmarks that are returned when using this annotator. There are

10 landmarks along the eyebrows, 12 landmarks for the eyes, 10 landmarks for the

nose, 19 describing the mouth, and 17 points along the jaw-line.

3.2.2 Creating the Shape Average

The shape average is created from the average locations of facial landmarks for
all patients with a shared disorder.
The averaging algorithm is initialized with a reference constellation, which is a

symmetrical constellation of annotations for a generic face. We created this reference
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Figure 3.2: The locations of 68 landmarks on the face that were predicted using an
annotation algorithm based on Kazemi and Sullivan| (2014)

constellation by averaging the landmarks of 2,000 healthy control faces and their
horizontal flips at various ages for both sexes. This reference face constellation is
used to align faces of varying sizes and orientations to the same coordinate frame
via the Procrustes transform. The aligned locations of the annotations for each
patient are then averaged to create the shape average. This shape average captures
the typical geometry of the face for a given syndrome.

In the following, we present our method for aligning facial landmarks to the

reference constellation, followed by how to preserve asymmetrical features.

Robust Face Alignment

The Procrustes transformation is used to translate, rotate and scale landmarks to
align maximally with the reference constellation. This transform is sensitive to
out-of-plane rotations: if a face is rotated to one side, the locations of landmarks
on either side of the face are affected by the foreshortening effect. This is most
noticeable along the jaw-line, as can be seen in the bottom-right face in Figure [3.3a]
This leads to poor alignment of annotations between faces. To mitigate this, we use

only landmarks 28, 29, 30, 31, 52, 58, 63, and 67 (Figure along the horizontal
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Figure 3.3: (a) Example annotations for four input faces. Landmarks that are used
during alignment are marked by the black diamonds. (b) After aligning faces to the
reference coordinate frame so that the landmarks are comparable. (c) The positions of
the aligned landmarks are averaged resulting in the shape average.

centre of the face, for more consistent alignment (highlighted in Figure [3.3al Points
on the tip of the nose are also ignored, as they are also sensitive to rotation.

The aligned (z,y) position of each corresponding landmark for all faces is

averaged as shown in Figure [3.3d
Asymmetry preservation

We measure differences in relative positioning of aligned landmarks on either side
of the face to identify asymmetries. Based on this asymmetry measure, faces are
mirrored horizontally to make sure an asymmetrical feature is always present
on the same side. This ensures that it is not “averaged out” when creating
the shape average.

As facial features vary in size and location, the landmarks are grouped into
four face parts for each side: eyes, eyebrows, nose and mouth. The landmarks on
the jawline are ignored for the purposes of checking asymmetry, as variations here
are mostly due to out-of-plane rotations. Each face part is given two asymmetry
scores: one for the difference in shape when compared to its corresponding pair
on the other side of the face (shape asymmetry), and one for its relative position
to the symmetrical reference constellation (location asymmetry). The two scores
measure differences in the shape of facial features (e.g. differently sized eyes) and

location differences (e.g. differences in eye positioning), respectively (Figure [3.4]).
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(a) Reference face (b) Location asymmetry (c) Shape asymmetry

Figure 3.4: Two different types of asymmetry were considered. The face being considered
by the algorithm is shown in red. (a) Symmetric reference constellation (black), (b) location
asymmetry considers the relative locations of face parts, which is measured relative to
the reference face, and (c¢) shape asymmetry compares the relative shape of face parts on
either side of the face.

The asymmetry is preserved by mirroring each face so that side with the greater
sum of asymmetry scores is always on the right side for all faces.

The shape asymmetry of a face part is estimated by the standard deviation of the
landmark positions, x; of a face part, 7, on either side of the face. They are divided
by the maximum diameter, d;, of that face part in the reference constellation to make
the measure comparable between differently sized face parts. The contribution of

each face part to the total shape asymmetry measure is controlled via a coefficient «;.

N o\ X;
Ashape - Zai (d )7 (31)
=1 ?

where o(x;) denotes the standard deviation of landmarks for the i-th face part.

The location asymmetry is estimated by taking the average distances between
each landmark in a face part and its pair in the reference constellation (see Section
. These are also normalised by the maximum diameter of that face part in
the reference constellation. Again, the contribution of each face part to the total
location asymmetry measure can be controlled via a coefficient «;.

N T
X; — X!
Aloc = ZOéilzdlh (32>
i=1 i
where x] denotes the landmark locations of :—th face part in the reference con-
stellation. We consider only one of the asymmetry measures at a time, as they

are not directly comparable.
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Prior knowledge of where an asymmetry is expected to present can be reflected
in choosing larger a-values for the relevant face parts. Face parts that are known
not to contain asymmetries for a given syndrome can be ignored by setting the
corresponding «; = 0. This reduces the chance that the asymmetry metric is affected
by variations in face parts that are known to be irrelevant. We create multiple
averages, considering one of shape or location asymmetry for different combinations
of a values. The resulting averages are then qualitatively compared to assess
whether an asymmetry is present, and the most appropriate average is selected.

In the example in Figure [3.5, we demonstrate asymmetry preservation for
images of winking men. As this asymmetry is expected mainly in the eye, we
set nose = 0, Omouth = 0, Qeyes = 1, and aeyebrows = 1. The average was created

considering only shape asymmetry.

3.2.3 Creating the Appearance Average

The appearance average consists of the average pixel values of each patient’s face
after warping them onto the shape average.

We use the Delaunay triangulation of the positions of facial landmarks to
return corresponding regions between faces. Examples of the triangulations are
shown in Figure [3.6] Eight additional landmarks are added in a square at a
fixed distance around the face, on each corner and halfway point of each of the
vertices. This helped make our average faces more realistic by considering the
areas around the face, too (Figure [3.6b).

The warping process consists of transforming the image content within each
Delaunay triangle of a patient’s face constellation to the corresponding triangle in
the shape average triangle. This was achieved by an affine transformation. The
pixel content for each patient within the transformed triangle is then summed and
normalized by the number of images. This process is repeated for each Delaunay
triangle in the shape average.

The pixel values of corresponding triangles can vary greatly due to ancestral

origin of the patients and variances in illumination. This can become problematic
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(b) Without asymmetry check (c¢) With asymmetry check

Figure 3.5: Demonstrating left-right facial asymmetry preservation. Images of 10
winking men with the closed eye appearing on either side equally were averaged. (a) A
subset of the input images, (b) result without measuring face parts for asymmetry, (c)
measuring face parts for shape asymmetry and horizontally flipping to align asymmetry.

for de-identification, as the “odd-one-out” can dominate the average and thus be
identified. To mitigate these images from dominating the composite, the intensities
of pixel values within the face are normalized to the mean value across all faces
in the average. By ignoring the pixel content outside of the face, we make our

algorithm insensitive to differences in hair colour and photo backgrounds.

The result of the appearance average is shown in Figure [3.6d]



3. Creating Average Faces 44

(c) Delaunay triangulation of shape average (d) Resulting appearance average

Figure 3.6: (a) Faces are annotated with landmarks and aligned. (b) We add additional
landmarks on a square around the face and create the Delaunay triangulation. (c) We
then average the pixel content of each triangle after warping it onto the corresponding
triangle of the shape average to create the appearance average. The resulting appearance
average is shown in (d).
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3.3 De-identification

(b)

n=10 n=20

Figure 3.7: De-identification by iteratively adding one image for each identity to the
average: First the images (a) are assessed for facial asymmetry and flipped accordingly
(b). A number n thereof are selected (from left to right) to create the averages in row
(c). Images that were used for n > 5 are not shown. We can observe identifiable that
constituent individuals become more difficult to identify from n = 10 onwards.

As more images are added to the average, the contribution of each constituent
image becomes less apparent, until none of them can be identified. Accurate and

dense facial landmark detectors result in better averaging of identifiable features.

Ferry et al. (2014) use a face annotator which detects 36 landmarks. We increase

the number of landmarks to 68, which improve the correspondence between facial
features of each face. This results in clearer averages. This allows the creation of
average faces for syndromes with fewer images, as identifiable features are averaged
out quickly. This is of great importance, as the number of available images of
individuals sharing ultra-rare disorders is generally small (n < 20).

For cases where we are presented with multiple images for any one patient, to
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avoid the average face mesh being biased towards this individual, we compute a
shape and appearance average from images of each patient and use the personal
average of each patient as inputs to the final average face. Each individual then
contributes only once to the final result.

An example of de-identification, when averaging progressively more individuals
is shown in Figure[3.7] Clinicians assessed averages created with our methods for
results in Deciphering Developmental Disorders Study et al.| (2017) and agreed that

averages were sufficiently de-identified when consisting of 10-20 individuals.

3.3.1 Quantifying De-identification

We conducted quantitative experiments to assess whether constituent faces could
be identified in averages as we increased the number of constituents.

To quantify the level of de-identification, we made use of a Resnet-50 face
verification network trained on the VGG-Face 2 dataset (Section [2.4.4)). This
network encodes faces into a 128-dimensional embedding space in which images of
the same individual lie close to each other and different identities lie further apart.
We selected images of a 30 random celebrities that were iteratively added to an
average. The face embeddings of the resulting averages were compared to each
face in a verification set. The verification set, of size N, consisted of 30 images
of constituent celebrities (n), which form part of the average, and a number of
other “distractor” celebrities (N — n). The verification sets are of size N = 60 up
to N = 3000. The verification sets contain one image for each identity.

The distance between the average and each image in the verification set was
measured in embedding space and ranked from closest to furthest. We define the
identification score Sy (i) as the proportion of constituents (i) that lie amongst the
30 closest images (top-30) to the average. When Sy (i) = 1 all constituents are part
of the top-30 and the average is deemed perfectly identifiable. When an image is
completely de-identified, the constituents and distractors are equally distributed
around the average in embedding space, which corresponds to Sy (i) — . This

number is smaller for larger numbers of distractors in the verification set.
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The experiment was repeated 100 times, each time sampling constituents at
random from the verification set. The averaged results are shown in Figure [3.8|
The identification score decays at a greater rate for the bigger verification sets.

For the hardest case, N = 60, where the verification set contains an equal
number of constituents and distractors, Sgy decays as more constituents are added
to the average: at ¢ = 14 images Sgo(14) < 0.55, which is within 10% of the “perfect”
de-identification score Sg, = 0.5. The final identification score with all 30 images
is Sg0(30) = 0.52. The easiest case, N = 3000, where the verification set contains
almost 100 times more distractors than constituents, the same score as above is
achieved with only two constituents (S3000(2) = 0.5) and Ssggp reaches within 10%
of a perfect de-identification score with ¢ = 12 constituents.

We suspect the CNN may be “cheating” by making use of image-specific textures
in and around the face to measure similarity to an average. Our suspicion comes
from the fact that several individuals could not identify which images from the
verification set formed part of the average. The network must therefore be able to
“see” more than humans would in these averages. When averaging “average-looking”
faces with each other, our experiments showed that 5+ images can be sufficient for
de-identification. However, creating an average with a very distinctive individual
may require more images for de-identification. Generally, qualitative assessments

deemed averages to be de-identified after at most 10-12 constituents.

3.4 Results on Clinical Datasets

We made use of a images from the LSITW dataset (Section [2.4.1]), the Minerva
Image Resource (MIR) (Section [2.4.1]), and images sourced from online publications
via PubMed (Section . Averages were only created for syndromes that were
shared by more than 20 patients and that resulted in satisfactorily de-identified
averages. The averages are shown in Figure [3.9] and the sources of images used

in each average are detailed in Table [3.1]
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De-identification for differently sized verification sets
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Figure 3.8: Identification score for averages of increasing number of individuals. A score
of S(i) = 1 equates to a perfectly identifiable average, when the feature representations
of constituents are amongst the top-30 most similar embeddings. As S(i) decays, the
averages become less identifiable. The dashed lines show the value of S} = « for each
verification set at which the constituents are randomly distributed around the average
amongst distractors and thus the average is perfectly de-identified.
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Figure 3.9: Average faces that were generated using methods detailed in Section
The source of the images and the number of patients in each composite are listed in Table

BT
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Table 3.1: Reference table with the image source for each average in Figure
Caption Syndrome Number of Source
Patients
a 17g21-31 microdeletion syndrome 49 MIR
b Angelman syndrome 205 LSITW
¢ Apert syndrome 203 LSITW
d B-RAF proto-oncogene serinethre- 36 MIR
onine kinasa syndrome
e Cardiofaciocutaneos syndrome 25 MIR
f Coffin-Lowry syndrome 38 MIR
g Cornelia de Lange syndrome 509 LSITW, MIR
h Down syndrome 192 LSITW
i Fragile X syndrome 209 LSITW, MIR,
Pubmed
j Gorlin syndrome 39 MIR
k Hutchinson Progeria syndrome 158 LSITW, MIR
1 Kleefstra syndrome 63 MIR
m Mandibulofacial dysostosis 24 MIR
n Marfan syndrome 37 LSITW, PubMed
o} Noonan syndrome 64 MIR
p Orofaciodigital syndrome 21 MIR
q Otopalatodigital syndrome 26 MIR
r PGAP3 25 MIR
S PIGA 25 MIR
t PIGV 24 MIR
u SOS RasRac guanine nucleotide 30 MIR
exchange factor 1
v Sotos syndrome 46 MIR
w Treacher-Collins syndrome 103 LSITW
X Waardenburg syndrome 41 MIR
y Williams syndrome 232 LSITW
Z Healthy controls 1515 LSITW
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3.5 Creating Transitions Between Faces

Animations of transitions between faces can help highlight the differences between
them.

We create transitions by linearly interpolating between pairs of aligned landmarks,
X; and X, of both faces creating intermediate faces (Equation [3.3). The pixel
values for both faces, A; and A,, are blended in the same ratio as the shape
interpolation, as shown in equation [3.4] The parameter v denotes the ratio
of the interpolation between both faces, where v = 0 is the beginning of the
interpolation (i.e. only the first image), and « = 1 is the end of the interpolation.
We animate the transitions, or “morphs”, by creating videos with each intermediate
step representing a frame of the video.

Some examples are shown in Figure [3.10] In each case, a healthy control
average is used as the starting image and it is gradually “morphed” into a syndrome
average face. These syndrome averages in Figure [3.10| are created using the images
from the LSITW dataset (Section 2.4.1)). Videos of these transitions available
via links given in Table [3.2]

X(y) =9X1+ (1 —v)Xs, (3.3)

A(y) =741+ (1 = 7)As. (3.4)

3.6 Facial Phenotype Caricatures

We take a similar approach as in Section to create new face shapes that
exaggerate syndrome phenotypes. However, instead of creating intermediate faces,
by interpolating between a healthy control and a syndrome average, we extrapolate
beyond the syndrome average. These exaggerated caricatures further highlight the
syndrome characteristic deviation from a healthy face.

We calculate the deformation of the face mesh from a healthy control average
to a syndrome average using the vectors connecting the line between a pair of

corresponding face landmarks. An exaggerated average face shape is created by
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Figure 3.10: Transitioning from a healthy control averages to average faces of syndromes.
The image source and name of disorders are given in Table The videos of these and
more syndromes are published at the links in Table [3.2]

moving further along these vectors, beyond the syndrome average. Figure|3.11]|shows
caricature version of the same set of faces as in Figure [3.9] Creating videos of the
transition from healthy controls to a syndrome average and beyond it to a caricature,
further highlights the facial phenotype. A limitation of this approach is that faces

can explode or collapse if extrapolated too far beyond the syndrome average.
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Table 3.2: Videos of transitions from healthy control averages to syndrome averages

17921-31 microdeletion syndrome https://youtu.be/XgbqR75qmWc
Angelman syndrome https://youtu.be/0UsuGlS_IXU
Apert syndrome https://youtu.be/YnNN15Z0TRM

B-RAF proto-oncogene serinethreonine https://youtu.be/XU6f1-RFQsO
kinasa syndrome

Cardifaciocutaneous syndrome https://youtu.be/que-S02PT60
Coffin Lowry syndrome https://youtu.be/rMrRo2cDgjI
Cornelia de Lange syndrome https://youtu.be/6eiF7bbDvPQ
Down syndrome https://youtu.be/znpDgmrkgSw
FragileX syndrome https://youtu.be/Koc4MI4XZXc
Gorlin syndrome https://youtu.be/1TQe51NJ2_o
Hutchinson Progeria syndrome https://youtu.be/N3yGxVF5sfE
Kleefstra syndrome https://youtu.be/xURPg1DeycM
Mandibulofacial dysostosis https://youtu.be/5BOWI8mz0vM
Marfan syndrome https://youtu.be/SZrszUu-NiE
Noonan syndrome https://youtu.be/B-XN4pyz1loM
Orofaciodigital syndrome https://youtu.be/sbja2rmR-9s
Otopalatodigital syndrome https://youtu.be/N1DiHEY0s90
PGAP3 https://youtu.be/FbOekbGaDfk
PIGA https://youtu.be/7ZFewFhprLg
PIGV https://youtu.be/RDaMVxD1oFI

SOS RasRac guanine nucleotide ex- https://youtu.be/0GbFsgl900k
change factor 1

Sotos syndrome https://youtu.be/g031pVQR61nI
Treacher-Collins syndrome https://youtu.be/UIbwPRtmXvI
Waardenburg syndrome https://youtu.be/eIQvTFsNdIA

Williams syndrome https://youtu.be/gtpLjFncvBQ
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https://youtu.be/gtpLjFncvBQ

3. Creating Average Faces 54

Figure 3.11: Caricature average faces that were generated by exaggerating syndrome
faces by 50%. The source of the images and the number of patients in each composite are
listed in Table
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3.7 Conclusions

We presented our methods for creating realistic average faces that preserve syndrome
phenotypes, whilst de-identifying constituent individuals. Qualitative inspection of
averages consisting of faces that were not fully frontal showed that our alignment
algorithm resulted in clearer averages. Additionally, we showed that our average
faces preserve left-right facial asymmetry. We also presented methods for creating
exaggerated averages and transitions between healthy controls and syndromes
averages. These can be used to further highlight the clinically relevant phenotype.

The results of our algorithm have been published in several clinical publica-
tions (Reijnders et al., [2018a)), (Reijnders et all |2018b), (Bengani et al.| |2017)),
(Deciphering Developmental Disorders Study et al., [2017)).
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This chapter discusses the classification of genetic disorders from facial pho-
tographs of individuals in uncontrolled settings, in contrast to previous work, that
required fixed conditions (Section 2.1.1)). We make use of the LSITW dataset that
is described in Section to demonstrate these algorithms. The images contain
a great amount of variety in pose, lighting, expression, age, ancestral origin, and
background. It is therefore imperative to find robust representations that capture

the clinically relevant aspects of facial variation between syndromes.

56



4. Classification of Genetic Disorders 57

We extend prior work by [Ferry et al.| (2014)), who developed engineered-feature
based representations of shape and appearance to classify the 8 syndromes and
controls in the LSITW dataset. These representations rely on local image descrip-
tors, that are extracted from around defined facial landmarks that are detected
automatically. The use of local feature descriptors gives rise to two main challenges.
First, the locations around which the features are computed need to be accurate
and consistent across images. In an automated setting, these locations must be
found with the help of a landmark annotation algorithm. And secondly, the features
must be informative and robust to noise sources.

We summarise the approach taken by |Ferry et al.| (2014]) in Section and
discuss its limitations. We then present our methods for more accurate landmark
detection and also present an alternative, dense appearance feature description.
These feature representations are used to conduct classification using linear support
vector machines (SMV). We also investigate the use of CNNs to create deep
representations for image classification (Section . CNNs usually require training
datasets that are far larger than the LSITW dataset. We make use pre-training, fine-
tuning and image augmentation to overcome this limitation. Lastly, we explore the
use of part-based models, where separate models are trained to conduct inference
on different parts of the face.

This chapter made use of software from colleagues to generate SDM models

and Fisher Vectors.

4.1 Classifying Syndromes with Engineered-Feature
Based Representations

Engineered-feature based computer vision consists of two distinct steps: 1) feature
engineering, finding a way to translate pixel-values into a feature representation
of an image, and 2) inference, using a decision framework that can interpret the
features to conduct inference.

Using pixel values alone to describe an image, e.g. of a face, would not result in

a robust feature representation, as changes in expression, pose, lighting, and scale
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significantly affect the pixel values and therefore the representation. Two instances
of the same person shown with different expressions would then be unrecognisable
for classification. A good feature representation, should be invariant to these noise
sources. Features can be extracted either at points of interest in the image (e.g. local
features, around facial features, such as the nose) or densely (extracting features at
many locations across the entire image). They are then combined, either by simply

concatenating them, or encoding them using a statistical model.

Ferry et al. (2014) created two face representations that are based on local

features: a shape descriptor and an appearance descriptor (Section [4.1.1)). These
were used to train linear SVMs for classification. Both of these descriptors have
drawbacks, that lead to relatively inaccurate descriptors, which motivated us to

investigate better descriptors:

1. A more accurate landmark annotation algorithm to improve the shape

descriptor (Section {4.1.2)

2. An improved appearance descriptor using Fisher vectors (Section |4.1.3]).

4.1.1 Previous Work

This section describes the shape and appearance descriptors that were used indi-
vidually and jointly, by means of data fusion, for the facial detection of genetic

disorders by [Ferry et al. (2014)).

e

(A) Photograph (B) Face detection (C) Feature point (D) Shape feature (E) Appearance feature
annotation vector vector

Figure 4.1: Overview of the shape and appearance descriptor pipeline in
(2014). (A-B) First the face is detected and converted to gray-scale. (C-D) The pair-wise

distances between 36 automatically annotated landmarks comprise the shape descriptor.
(E) The pixel values of circular patches around 9 automatically detected landmarks
comprise the appearance descriptor.
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Shape Descriptor

The shape descriptor of Ferry et al.| (2014)) consists of 630 pairwise distances between
36 automatically annotated landmarks. The landmarks are located across the supra-
orbital ridge (8 points), the eyes (mid points of the eyelids and eye canthi, 8 points),
nose (nasion, tip, ala, subnasale and outer nares, 7 points), mouth (vermilion border
lateral and vertical midpoints, 6 points) and the jaw (zygoma mandibular border,
gonion, mental protruberance and chin midpoint, 7 points) (Figure [1.1C).

The locations of these landmarks were predicted using a consensus of exemplars
model (Belhumeur et al., 2011), which reconciles the local estimates of the landmarks
with a global model of their expected configuration on the face. This algorithm was
initialised relative to the location of a face within an image, which was detected
using an adapted implementation from Viola and Jones| (2004).

To make the feature representation comparable across images of different sizes,
each face’s landmarks were registered via the Procrustes transformation to the
landmarks of an average face model and normalised by dividing by the pair-wise
distances in the average face model.

The locations of the the predicted facial landmarks using this annotation
algorithm were often inaccurate along the jaw-line (Figure [£.2h), which lead to
inaccurate shape feature representations. This motivated us to investigate methods

to improve automatic landmark annotation (Section [4.1.2)).

Appearance Descriptor

The appearance feature vector was based upon the gray-scale pixel content of
cropped patches around 13 facial landmarks on the inner face (Figure [4.1E). A
constellation of 9 of these landmarks was detected automatically using a facial
landmark module (Everingham et al., 2009)). These were used to generate four
additional points: left and right center of the eye, the nasion (the point between
the eyes), and center of mouth. These were used to register the face, via an affine
transformation to a canonical set of corresponding points, to account for scale

and orientation variation between faces.
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The appearance descriptor is sensitive to illumination as it is based on pixel
values. It also fails to describe the complete face, most noticeably the jaw-line.
To mitigate these drawbacks, we investigated dense appearance description of the

complete face with an illumination invariant features (Section [4.1.3)).

4.1.2 Improving the Shape Descriptor

We developed an improved facial landmark predictor to create a more accurate shape
descriptor than the one described in Section [£.1.1} This was achieved using the
Supervised Descent Method (SDM) (Xiong and De la Torre, 2013). The objective
of SDM is to learn a generic descent map, that, given an initial estimate for the
location face landmarks, moves them to the correct location. This method has
been used successfully in a number of face annotation and tracking problems (Liu
et al.| 2015; Xiong and De la Torre, 2015).

Finding the optimal landmark locations is posed as a non-linear optimization
problem. Given an initial estimate of landmark locations x, the aim is to find
the unknown, true location of the landmarks x,. These locations are described
by a local feature ¢y, in our case the SIFT descriptor, around a landmark, x.
Finding the correct landmark locations can be formulated as the minimization

of the following function:

f(x0 + Ax) = [|px — ¢x. % (4.1)

Using Newton’s method, the update step for this minimization requires computation
of the Jacobian and Hessian matrices (Equation [4.2)). Since the SIFT descriptor, ¢x,
is not differentiable, these quantities need to be numerically approximated, which
is computationally expensive (Xiong and De la Torre], 2013]).

To overcome this limitation, Xiong and De la Torre (2014) reformulated the

Newton update step

AXH+1 = _2H71JT<¢Xt - (bx*)u (42)
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as a N-step iterative procedure of average descent directions R; and biases b;, where

t=1,...,T, that produce a set of updates that iterate from x; to x, (Equation .
AXt+1 = Rt(bxt -+ bt, (43)

where J is the Jacobian and H is the Hessian matrix of the feature descriptors.
Given a training dataset D = {(d',x1), (d?,x2),...} that contains images d’ and
the known optimal landmark locations, x%, the directions and biases R; and b,

are found as follows:

1
X

argming, p, > >_[|Ax} — Ridyi — b, || (4.4)
di x:

We used many possible initialisations of x{ for each image to estimate the first
set of descent directions and biases Ry, by. Xiong and De la Torre (2013]) showed
experimentally that learning 4 to 5 update steps were sufficient for convergence.
At test time, the update rule in Equation is applied sequentially for each ¢
starting from a random initialisation. The landmark locations after the last update

step are the predicted locations of the landmarks.

SDM Annotator Training

This section provides more details about how the SDM landmark annotator was
trained.

This algorithm was implemented with the same 36 landmark locations to create a
comparable shape feature vector as the one used by Ferry et al.| (2014)) (Section .
The LSITW dataset, for which ground truth landmarks are available, was used for
training and evaluating the annotation model. The images of healthy controls were
flipped horizontally and along with the originals used for training, resulting in 3,030
training images. The remaining images in LSITW were used as the test dataset.

First, faces and their orientations were found by rotating images in 15°-increments
from -45°to 45°. We selected the rotation that returned the highest detector score
returned by the face detector from [Viola and Jones| (2004). The upright face was

saved along with the locations of the corners of the face detection. The faces
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were then scaled so that the face detection box height was 140 pixels. The facial
landmarks were initialised relative to the face detection box and consist of the
average ground truth locations of all landmarks in the training dataset. Each
image’s landmarks were randomly perturbed by additive Gaussian noise to create
10 further initialisations for training the descent directions.

We extracted SIFT features of size 24x24 pixels around each landmark and
it’s optimal position. These were dimensionality-reduced by PCA, preserving 98%
of the signal. The projected features were used as inputs to Equation [£.4] The

training procedure was conducted for 4 update steps.

SDM Annotator Evaluation

We compared the accuracy of the SDM annotator and the annotator used by Ferry
et al| (2014) (Section [4.1.1]). This was done by comparing the distances between
each method’s predictions on the LSITW test dataset and the corresponding
ground truth locations.

The errors were measured as the Euclidean distance between predicted annotation
locations and the ground truth. To make the errors comparable across training
images, they were normalised by the ground truth inter-ocular distance. The
average normalised error using methods from Section [{.1.1]is 0.22. When using
our SDM model, this reduces to 0.11, a 50% reduction in error. An example of
the performance of the two annotation algorithms is shown in Figure [£.2] The
improvements were most noticeable along the jaw-line of individuals with non-
neutral facial expressions, e.g. when the subject is laughing. Also, significant
improvements were observed along for describing eyebrows, especially when low-
resolution images were being annotated.

This increased accuracy should also result in more accurate face descriptors.
The shape descriptor calculated with the predicted landmark positions using SDM
be referred to as Shape (SDM).
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%

Redacted due to GDPR

(a) Ferry et al (Section 4 (b) SDM

Figure 4.2: Comparison of (a) original face landmarks for shape feature vector
computation from Ferry et al| (2014) (Section and (b) improved landmarks using
SDM (green crosses). In each case, manually annotated ground truth points (blue
circles) are shown. Note in particular the improvement in landmarks around the chin.

4.1.3 Improving the Appearance Descriptor

The appearance descriptor in Section [£.1.1]only describes a fraction of the face. One
possible improvement would be to extract features densely, across the entire face,

thus capturing more information. We make use of SIFT descriptors (Lowe| 2004),

which extract gradient information from local patch in an image and more robust



4. Classification of Genetic Disorders 64

than simply using pixel values. Extracting these descriptors across the entire face
and concatenating them, however, would result in a very large appearance descriptor.
We therefore make use of Fisher Vectors, as implemented by Simonyan et al.| (2013)),
to encode the dense SIFT descriptors into a feature descriptor of manageable size.

The Fisher Vector (FV) is an improvement upon the ‘Bag of Visual Words’
encoding technique of learning ‘dictionaries’ of standard features and assigning
local descriptors (SIFT in this case) to them (Sivic and Zisserman, 2003). A
vocabulary of visual words is generated by creating a Gaussian mixture model
(GMM) with K-centres of SIFT vectors extracted from the training dataset. The
centres of the clusters are defined as words. An image is then described by finding
the correspondences between its SIFT features and the GMM (Sanchez et al., 2013).

Let L = (21,9, ...,xy) be the N dense SIFT descriptors describing the image.
Let © = (g, Xk, 7 - k= 1,2, ..., K) be the means, covariance matrices and weights,
respectively, of the GMM with K centres, fitting the distribution to the descriptors.
Before the GMM is trained on the SIFT descriptors, the descriptors are decorrelated
by PCA. This allows the use of diagonal covariances when training the GMM. The
first and second order differences between the dense features and each of the GMM
centres is then given in Equations and [4.6] respectively.

Sy (221, (4.5)

Of

oy = N\/_

o = N\/z_ﬂk Z (;%’“"“) _ 1) , (4.6)

p=1

where oy, (k) is the soft assignment weight of the p-th feature z,, to the k-th Gaussian,
and o}, is the standard deviation for the k—th component of the GMM. The FV, &,
is constructed by stacking the differences for all Gaussians (Equation . The FV
is post-processed as described in the “Improved FV” encoding (Perronnin et al.,

2010)) by signed root-squaring and L, normalisation.

o= eV e .. of o (4.7)
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Implementating Fisher Vector Faces

This section details the implementation procedure for extracting FV descrip-
tors from faces.

Facial landmarks were automatically detected using our SDM model from Section
and used in the Procrustes transform to transform faces to a canonical frame. A
160 x 125 face region containing the landmarks was extracted for further processing.
SIFT descriptors were found for 24 x 24 pixels patches with a stride of one pixel
at five scales. We used PCA to reduce the SIFT dimensionality from d = 128 to
d = 64, we used K = 512 Gaussians in the GMM. This amounted to a FV descriptor
of dimensionality 2K d = 65536. An overview of this method is shown in Figure [£.3]

The FV descriptor now effectively encodes the feature space of the image, but
has no information about the spatial distribution. To include information about
the spatial location of each of the descriptors, the coordinates of the center of the
patch (x,y) were appended to each SIFT after PCA: [S,,; & — 1.4 _ 11" where

Szy,w, h are the SIFT after PCA at location (z,y), the width, and height of a patch,

respectively. The final FV dimensionality as a result was 2K (d 4+ 2) = 67584.

»

Facial landmark
detection

Aligned and * Dense SIFT,
cropped face GMM, and FV

#{se-l (o
FlH 02

Figure 4.3: Overview of F'V description of an image. First the face was detected and
landmarks found using |[Everingham et al.| (2009). These were used to align and crop the
face. The dense SIFT was determined for this image and decorrelated using PCA, and
used as the input to a GMM. The FV was constructed by stacking the differences for all
Gaussians of the GMM. Figure adapted from Simonyan et al.[ (2013)
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4.1.4 Classification Experiments

The following contains an extensive evaluation of face descriptors introduced in
this section in a variety of different classification scenarios. We make use of the
LSITW dataset, described in Section [2.4.1] The training dataset consists of 80% of
images from each class, and the test dataset consists of the remaining 20%. There
are a total of 8 syndrome classes and a healthy control class.

We investigate three tasks: binary classification of syndromes (multiple two-class
problems of syndromes against each other), forced classification of syndromes (an
8-class problem), and the detection of any disorder being present (healthy patients
against all syndromes, a two-class problem). In all cases, the performance was
measured by the average classification accuracy on the test dataset. This is the
proportion of correctly classified images for each class and can be computed as the
average of the diagonal of the row normalized confusion matrix. For a random
classifier, this equates to a 50% accuracy for a two class problem, and 13% for
an 8 syndrome forced classification case. We investigated the performance of each
descriptor individually as well as a fusion of shape and appearance descriptors to
make use of both sources of information simultaneously.

We used a support vector machine (SVM) with a linear kernel as the classifier.
Optimal regularization parameters were found using 5-fold cross-validation for each
classifier on the training data. Decision values were trained to give equal error rates
(number of false positives = number of false negatives). We report the average
classification accuracies on the test dataset.

Additionally, to augment the datasets, both original and horizontal mirror
versions of each image were used. The corresponding mirrored image for each image

was added to the same set, training or test, as its original.

Experiment 1: Binary Classification

Classifiers were trained for each of the 28 pairwise combinations of 8 syndromes.

For each case, class sizes were balanced to contain an equal number of images
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by sub-sampling the majority class to avoid bias towards syndromes for which

more images were available.

Experiment 2: Forced Classification of Syndromes

This experiment consists of trying to identify which of the 8 syndromes a query
image belongs to.

We trained a one-vs-rest classifier for each syndrome, amounting to 8 classifiers,
each classifying whether or not an image contains that syndrome. Every test image
is presented to all classifiers [C, .., Cg] and the decision value of each classifier was
used as a probabilistic estimate P; for the test image to belong to class . The test

image was then assigned to the class with the highest probabilistic estimate P;.

Experiment 3: Binary Classification of Healthy vs Syndromes

To distinguish between healthy controls and people with one the 8 syndromes in
the database, a two-class “healthy vs syndrome” classification case was investigated.
In this analysis, the actual syndrome is of no concern, thus a classifier was trained
using two classes, one with control images, and one that contained images from
all syndromes. The classification accuracies were balanced by classes, so that the

larger syndrome classes do not outweigh the smaller ones.

Early vs Late Data Fusion

We investigated data fusion to use shape and appearance features jointly using
early and late fusion. Early fusion consists of stacking individually L2-normalised
feature vectors and training a single SVM classifier for the features. For late fusion
the decision values from separate SVM classifiers, each trained on a single feature,
are summed. Features that were combined in this way are denoted with a prefix

denoting the fusion method (early: EF, or late: LF).

4.1.5 Results and Discussion

This section contains classification accuracies for each experiment described in

Section for the different feature descriptors:
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o Shape — Shape descriptor, as proposed by [Ferry et al. (2014). (Section
11.1).

o Appearance — Appearance descriptor, as proposed by [Ferry et al.| (2014)).

(Section [4.1.1)).

« Shape SDM — Shape descriptor using SDM (Section [4.1.2)).

e Shape GT — Shape descriptor using the ground truth landmark locations.
This represents the best-case shape feature, which provides a theoretical ceiling

to compare annotations from the automated algorithms to. (Section [4.1.2)).
« FV — Appearance descriptor using FV (Section [4.1.3)).

A summary of all features for each experiment is given in table The average
binary 1v1 accuracy was calculated by averaging the classification accuracies for
all 28 binary classifiers. The average forced classification accuracy corresponds
to the mean-per-class accuracy.

First the two shape descriptors are compared, followed by the appearance
descriptors. Then we present data fusion results followed by a short discussion

about the syndromes.

Shape vs Shape SDM

Shape descriptors calculated using the SDM method significantly outperform the
shape descriptors used by Ferry et al (Section in all experiments. This
difference is most apparent for the forced classification case, where Shape SDM
improves the average classification accuracy by 36.2% from 45% (Shape) to 81.2%
(Shape SDM). Similarly, the binary 1v1 and syndromes vs control accuracies are
significantly better when using SDM as the basis for the shape descriptor (+12.7%
and +14.2%, respectively). This highlights the importance of accurate landmark
localisation for shape description. When compared to shape features based on
the ground truth annotations, it can be seen that Shape SDM gets within 0.4%

and 0.1% of the accuracy that would have been achieved if all landmark location
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Table 4.1: Summary table of classification accuracies (percent) on test data using
engineered-feature based feature representations. The binary 1vl average accuracy
corresponds to the average of each 1v1 classifier accuracy. The forced classification
average accuracy is the average of the diagonal of a normalised confusion matrix.

Binary 1v1 | Forced Class. | Syndromes vs Control
Shape GT 93.9 84.9 88.7
Shape 80.8 45.0 74.4
Shape SDM 93.5 81.2 88.6
Appearance 92.2 74.9 84.0
FV 94.8 85.5 88.5
(EF) Shape + Appearance 92.9 76.3 83.4
(LF) Shape + Appearance 91.3 64.5 82.2
(EF) Shape SDM + FV 95.3 86.7 88.9
(LF) Shape SDM + FV |  95.9 88.4 91.3

were found perfectly. The difference was more pronounced for the forced case
(difference of 3.7%), which shows that there is still a potential benefit in pursuing

even more accurate annotation algorithms.

Appearance vs FV

FV features significantly outperform Appearance. In the simpler task of binary 1vl
classification, the average accuracies improved by 2.6% (92.2% to 94.8%). In the
more challenging task of forced classification, the improvement was more pronounced:
+10.6% (74.9% to 85.5%). When trying to distinguish syndromes from controls,
FV (88.5%) also outperformed Appearance (84.0%).

FV is based on dense SIFT, which is invariant to illumination and describes all
of the image. In contrast, Appearance relies on localised pixel values, which can be

affected by illumination and, most noticeably, do not describe the jaw-line.

Data Fusion

Early and late fusion perform very differently for the two sets of descriptors:
When combining Shape and Appearance, late fusion causes accuracies to

drop even lower than when considering Appearance alone. For early fusion
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of Shape+Appearance the accuracies improve for the binary 1vl and forced
classification experiments, but deteriorate for syndromes vs controls. This is
most likely due to the comparatively poorer quality Shape descriptor. For early
fusion the SVM classifier may learn to ignore most of the noise introduced by
the Shape descriptor, late fusion weights the outputs of both Appearance and
Shape classifiers equally.

Both fusion approaches improve classification scores for all experiments when
combining Shape SDM and FV. Late fusion performs better than early fusion in
all experiments. The best results in all experiments are achieved for late fusion
of Shape SDM + FV: They improve upon FV, the best non-fusion descriptor, by
1.1% (binary 1v1), 2.9% (forced classification) and 2.8% (syndromes vs control).

Detailed results for binary 1v1 classification and forced classification are given

in figures and respectively.

Syndrome Discussion

The Angelman syndrome is the most difficult syndrome to classify (76% accuracy,
forced classification), despite being the second largest class by volume (205 images).
By contrast, the smallest class, Hutchinson-Progeria (78 images), performs far
better in both 1v1 and forced experiments. Fragile X (164 images) is the second
hardest syndromes to classify with a classification accuracy of 8.8% lower than the
average in the forced classification case. The remaining syndromes are significantly
easier to predict with 914+% classification accuracies for forced classification.
These results concur with qualitative observations, as some syndromes manifest
more prominently in the face, which can be seen in the averages in Figure |3.9] The
facial phenotype of Hutchinson-Progeria syndrome (Figure ) is very unique and
pronounced, whereas the facial phenotype of Fragile X syndrome (Figure ) is

visually similar to Angelman syndrome (Figure [3.9p).
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Figure 4.4: Binary 1v1 classification accuracies (%) using late fusion of Shape SDM +

FV features. On average, two syndromes can be distinguished from each other correctly
95.9% of the time.
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Figure 4.5: Normalised confusion matrix (%) for forced classification of syndromes in
the LSITW test dataset using late fusion of Shape SDM + FV features. Angelman is
the hardest syndrome to classify and is most frequently misclassified with Fragile X and
Williams-Beuren syndromes.

4.2 Classifying Syndromes using Deep Represen-
tations

In this section we investigate the use of CNNs to perform syndrome classification

on the LSITW dataset.

CNNs have been shown to reach near human-level performance on face recogni-
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tion tasks. Using CNNs, in contrast to engineered-feature based representations,
removes the need to handcraft features. The network can identify patterns in the
training data and tune its feature representation to best represent them.

Training a CNN to perform syndrome classification from scratch would require a
far greater volume of training data than we have at our disposal. We therefore make
use of networks that are pre-trained on face recognition tasks as an initialisation
for syndrome classifier training. This approach is called fine-tuning or transfer
learning. We assume that features that are trained for facial recognition tasks are
transferable to our task of recognising genetic disorders.

We contrast three CNN architectures that were pre-trained on large-scale face
recognition datasets and then fine-tuned to classify syndromes (Section [4.2.1]). Part-
based models, where multiple models are trained for different parts of the face, were
also investigated and are introduced in Section as these have been shown to
improve face classification tasks (Shukla et al., [2017; |Gurovich et al., [2018, [2019).
We present our training methodology in Section [£.2.2] and implementation details

in Section [£.2.4, The results of our approach are presented in Section [£.2.5]

4.2.1 Networks and Pre-training

We compared three CNN architectures that are have shown strong performance
on a variety of computer vision tasks. They were pre-trained on the VGGFace

or VGGface2 datasets.
1. VGG-M pre-trained on VGGFace (Section
2. ResNet50 pre-trained on VGGFace2 (Section
3. Senet50 pre-trained on VGGFace2 (Section

The VGG-M architecture (Chatfield et al., |2014) contains eight convolutional
layers followed by three fully connected layers. The input size is 224x224x3 (width,
height, channels) and the network learns a 4096-dimensional face embedding. The
ResNet50 architecture is based on ResNets from (He et al., 2015) that add a residual

to the output of some layers, which allows for deeper networks with more layers.



4. Classification of Genetic Disorders 73

The Senet50 architecture by (Hu et al., [2017) contains additional weights that learn
inter-channel dependencies. Both the ResNet50 and Senet50 are 50-layers deep,

have the same input size as VGG-M and learn a 128-dimensional face embedding.

4.2.2 Fine-tuning for Syndrome Classification

The pre-trained CNNs need to be adapted to our classification task to map their
feature representations onto our task of classifying 8 syndromes. Each network’s
face embedding layer is appended with a fully-connected layer for classification of
dimensions M x N, where M is equal to the dimensionality of the face embedding
layer and N = 8 is the number of syndromes. This new classification layer is
initialised randomly. This corresponds to a dimensionality of 4096x8 for VGG-
M, and 128x8 for ResNet50 and Senet50 architectures. The networks were then
fine-tuned to perform forced classification of the syndromes (as in Section [£.1.4)).

The loss function was the softmax classification loss function shown in equation
4.8 Classes were balanced by weighting their contribution to the loss function by

the inverse of the relative frequency of that class (aj) in the training data.

K
Lsoftmax<w7 Y; 0) = - Z ]l[y = k]ak logpka (48)
k=1

where y is the true class and p, is the output score for sample x belonging to
class k. Minimising this loss equates to maximising to the negative log score
of correct classification.

The loss function is optimised using stochastic gradient descent with a constant
learning rate of 0.0001 for the final classification layer and 0.00001 for all remaining
layers. This accounts for the fact that the weights in the final classification layer are
initialised randomly and are thus farther from the desired values than the pre-trained
weights in other layers. We found that this approach worked better than freezing the
weights in the pre-trained part of the network. Due to the scarcity of data, we did not
use a validation set, and therefore, did not use learning rate scheduling techniques.

During training we used 50% dropout on the new classification layer of each

network. Each network was trained for 45 epochs, where one epoch is a complete pass
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through all images in the training dataset. Networks were tested after each epoch

and the best performing checkpoint was selected for the results in Section [4.2.5]

4.2.3 Part-based Models

The methods for deep description so far considered the whole face. In this section,
we investigate that use of part-based models. Facial dysmorphisms are often
describe by describing abnormalities in a face part, e.g. a common phenotype of
Down syndrome is “upward slanting eyes”. This motivates the use of part-based
models, where separate networks are trained to classify specific regions of the
face. Part-based models were shown to improve face classification tasks (Shukla
et al.| 2017; |Gurovich et al., 2018 [2019).

We trained 5 part-based models, each trained using crops around one of the
following: eyes, nose, mouth, chin, and the entire face.

Face regions were defined with the help of facial landmarks that were detected
using methods detailed in Section [3.2.1] The averaged location of landmarks that
corresponded to a face part, e.g. the eyes, was taken as the centre point of that
face part. Square crops around each part’s centre point were then used as inputs to
each network in the model. At inference, each crop of a test image was classified
by its corresponding model and used as votes towards the final classification. This
method is comparable to the late fusion experiments in Section [4.1.4]

An example of the part-based model inputs and how they are used is shown in

Figure 4.6 An evaluation of these models is given in Section [£.2.5]

4.2.4 Image Augmentation

This section introduces face augmentation methods that were used when training
CNNs. Image augmentation was used to artificially increase the training dataset
and thus improve the learned deep feature representation of the network.

The input images were normalised by the average RGB pixel values for all
images of the dataset they were pre-trained on. The dataset was augmented by

applying a random combination of image transformations from the following;:
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Face Eyes Nose Mouth Chin Model Prediction

— 4+ = 4+ = 4+ = 4 = = |=

Figure 4.6: Overview of the part-based model with an example of the inputs to each
network of the model: eyes, nose, mouth, chin and face. Each network’s output is summed
and the image is classified by the maximum across all networks.

o Crop (p =100%) - Square crop at a random location within the image of size

of network input
« Rotation (p = 100%) - Random rotation in the range of —10 to +10 degrees
« Horizontal flip (p = 50%)

 Colour jitter (p = 100%) - Random adjustment of brightness, contrast, hue,

and saturation
« Grayscale (p = 20%)
« JPEG Compression (p = 20%) - JPEG compression at 95 — 100% quality
« Motion blur (p = 20%) - Maximum kernel size = 7
+ Gaussian blur (p = 20%) - Maximum kernel size = 3

« Gaussian noise (p = 20%)

The probabilities p of each of these augmentations being applied is given in
brackets. These augmentations account for many of the conditions we expect
from images in our domain. Using these augmentations can significantly improve

the generalisability of the learnt feature representation. We observed an average
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Table 4.2: Summary table of average classification accuracies (percent) on test data
using deep feature representations. The “PB”-prefix denotes an part-based model.

Network Accuracy (%)
VGG-M 89.1
ResNet50 90.6
SENet50 91.8
PB-VGG-M 89.3
PB-ResNetb0 91.5
PB-SENet50 92.2

improvement of 3% in accuracy compared to models trained without using these

image augmentations.

4.2.5 Results and Discussion

Deep representations outperformed engineered-feature based representations for
each architecture that was trained. The per-class averaged accuracies are shown
in table 4.2 VGG-M network, pre-trained on VGGFace achieved an average
classification accuracy of 89.1%, 0.7% better than the best engineered-feature based
representation, namely late fusion of Shape SDM + FV (88.4% forced classification).
Both ResNet50 and Senet50 architectures, pre-trained on VGGFace2 performed
better, at 90.6% and 91.8%, respectively. A direct comparison between VGG-M
and the other two networks is not possible, as they were pre-trained on different
datasets. The lower accuracy may be due to the network being pre-trained on an
“inferior” dataset; VGGFace2 is a larger dataset and contains more pose variation
than VGGFace (Section . Alternatively, it may be due to it containing a much
larger number of parameters that needed to be trained from scratch (33k vs < 2.6k).

Training part-based models further improved accuracies by 0.2% (VGG-M), 0.9%
(ResNet50) and 0.4% (SENet50). The best overall result was achieved when training
a part-based model with the SENet50 architecture (92.2%). This indicates that
there may be benefits to training networks that act as specialists for different parts

of the face. The accuracies for each individual network in the part-based model are
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Table 4.3: Classification accuracies of individual networks in the part-based models

Network Face | Eyes | Nose | Mouth | Chin
E-VGG-M | 89.3 | 8.2 | 83.1 | 772 | 61.7
E-ResNet50 | 91.5 | 88.8 | 88.1 | 85.1 65.3
E-SENetb0 | 92.2 | 89.0 | 88.9 | 82.0 | 67.7

shown in table The individual face parts all resulted in worse classifiers than the
full face crop. On average, the top half (eyes and nose) of the face seems to be more
informative for syndrome classification than the bottom half (mouth and chin).
The normalised confusion matrix for classification with SENet50 is shown
in Figure [4.7] The classification accuracy improved all but one syndrome, most
remarkably for Hutchinson-Progeria, which improved from 82% to 100%. One
unexpected result was the drop in accuracy for classifying Williams-Beuren, 87%
SENet50 vs 96% late fusion of FV+SDM. They were, however, confused with
Angelman syndrome and Fragile X syndrome, which proved difficult to classify

with engineered-feature based representations as well.

3 2
g :g‘ % E 'E é @ g =
o < Q g)ﬂ = = = o -5 .E = L
&0 b5} g z &0 g &0 = = 5
= e, s & o) 8 3 0 S = 3
< €« O a E TA B0 BaA
Angelman 78 0 0 0 7 0 3 12
Apert 0 96 0 2 0 0 2 0
Cornelia de Lange 2 2 96 0 0 0 0 0
Down 0 0 0 97 3 0 0 0
Fragile X 6 0 0 6 85 0 0 3
Hutchinson-Progeria 0 0 0 0 0 - 0 0
Treacher-Collins 0 5 0 0 0 0 95 0
Williams-Beuren 9 0 0 0 4 0 0 87

Figure 4.7: Normalised confusion matrix for forced classification of syndromes in the
LSITW test dataset using SENet50 pre-trained on VGGFace2. The color-scale is the
same as that in Figure 1.5 Angelman is the most difficult syndrome to classify and
Hutchinson-Progeria is correctly classified with 100% accuracy.

Average classification accuracies were used in this chapter to contrast the relative

performance of each method. Although they are a good high-level indicator of
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relative performance, they do not provide detailed explanations for the aggregate
score. The confusion matrices in this chapter go some way toward understanding
which syndromes were most often confused. Furthermore, gradient-based attention
maps (Selvaraju et al) [2017) can be used to visualise the parts of the image
that were most informative for a CNN’s decision. If these regions coincide with
the known facial phenotype, that would confirm that these are indeed what the

network is basing its decision on.

4.3 Conclusions

This chapter discussed classification of genetic disorders with engineered-feature
based and deep representations and compared these to previous work by Ferry
et al| (2014) (Section [{.1.1).

We showed that shape descriptors using SDM were a significant improvement
upon previous work, as the predicted locations of the landmarks were more accurate.
Dense description of the face using Fisher Vector encoded SIFT descriptors, proved
to be the best of the engineered-feature based descriptors. Late data fusion, by
summing the outputs of classifiers trained separately on Shape SDM and FV resulted
in the highest classification accuracies for engineered-feature based representations.

Neural networks, when pre-trained on large face recognition datasets and fine-
tuned for syndrome classification, were shown to outperform all engineered-feature
based methods . This shows that deep representations for face recognition can be
appropriated and adapted for syndrome classification. Furthermore, part-based
models where each network specialises in classifying different parts of the face
further improve classification results.

Angelman syndrome and FragileX syndrome proved the most difficult to classify
in all experiments, despite a relatively large number of training images for Angelman
syndrome. We hypothesise this to be due to the facial phenotypes of both syndromes
being less prominent than that of the other syndromes that were studied in this

chapter. The opposite effect was witnessed when classifying the more visually
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distinct phenotype of Hutchinson-Progeria, which was classified perfectly in the
test set using the SENet50 network.



Removing Biases from Deep Neural
Network Embeddings

Contents
GBI Related Workl. . . . . . v v vt v v it it i et 82
.2 Datasets . . . . ... ... .. 84
b.2.1 LAOFIW: Labeled Ancestral Origin Faces in the Wild| . 84
0.2.2 “Cleaned” IMDDB Dataset| . . . . . ... ... ... ... 86
0.2.3 Annotated Faces in the Wildl . . . . . ... ... .. .. 88
[5.3 Unbiased Learning Algorithm| . . . . ... ........ 88
[6.4 Experiments on Removing Bias| . . . . . ... ...... 91
6.4.1 Removal of a bias from a networkl. . . . ... ... ... 92
©.4.2 Removal of an extreme blas from a networkl . . . . . . . 92
[5.4.3  Simultaneous removal of multiple spurious variations| . . 93
15.4.4  Implementation details|. . . . . . . ... ... ... ... 93
BE  Resulfsl. « v v v v v v e e e e e e e e e e e e e 94
[5.5.1 Removal of a bias from a datasetl . . . . ... ... ... 94
0.0.2 Removal of an extreme blas from a networkl . . . . . . . 96
[5.5.3  Simultaneous removal of multiple spurious variations| . . 97
B.6 _Conclusion . - « v v v v v vt vt e e e e e e 101

In this chapter, we present work on bias removal from the feature representation
of convolutional neural networks.

CNNs are usually trained on large datasets, that contain a number of biases

or spurious variations (Tommasi et al., 2015; Torralba and Efros, 2011). CNNs

80
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have been shown to “cheat”, by learning, and in some cases amplifying, biases
present in training data (Zhao et al. 2017; Burns et al., [2018) , e.g. training on a
dataset depicting women in kitchens more often than men would result in a network
learning that being in the kitchen was a key feature for the identification of women.
Though this may have been true for the dataset the classifier was trained on, in
general, this is not a reliable indicator of the presence of a woman.

These biases also exist in face recognition datasets, which are often composed
of celebrities (Cao et al.l 2018; (Guo et al, 2016; Huang et al., 2007; |Kemelmacher
et al., 2015; |[Kostinger et al., 2011} Parkhi et al., 2015). These can contain age,
gender, and ancestral origin biases, e.g. female celebrities tend to be younger than
their male counterparts. This bias does not represent the real world outside of
the movie business, reducing the usefulness of models trained on these datasets.
Furthermore, networks were shown to learn biases, even when datasets were balanced
purposely (Wang et al., 2018b).

Furthermore, when conducting transfer learning we can unknowingly inherit
those biases and carry them forward to a new task. This is particularly relevant to
the domain of genetic disorders, where, due to the scarcity of training data, transfer
learning is an important pre-requisite for using deep learning. Furthermore, there
may exist known biases, e.g. all examplars of a disorder may be photographed
under the same conditions at a single clinical facility. A network could resort to
“cheating” and e.g. memorise a shared background for a group of images. This
would render the network useless for use in real-world clinical applications, unless
this bias could be removed.

Our bias removal algorithm is inspired by a domain and task adaptation approach
(Tzeng et al 2015), that can be used to 1) to ensure that a network is blind to a
known bias in the dataset, 2) improve the classification performance when faced
with an extreme bias, and 3) remove multiple spurious variations from the feature
representation of a primary classification task. We use age, gender, ancestral origin,

and pose information for facial images to demonstrate our framework.
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Biases towards certain ancestral origins have been shown to affect face detection
models, with darker skinned females most often misclassified (Buolamwini and Gebrul,
2018)). In order to investigate the effect of racial biases on the feature representation
of CNNs, we created a new labelled ancestral origin dataset, “Labelled Ancestral
Origin Faces in the Wild (LAOFIW)”, from publicly available images. This dataset
contains 14,000 facial images of individuals whose ancestral origin is one of sub-
Saharan Africa, Indian Subcontinent, Europe, and East Asia, with a variety of
ages, poses, illumination, and facial expressions.

The rest of this chapter is organized as follows. Section [5.2] introduces our
new LAOFIW dataset and other datasets used as part of this work. Section |5.3
discusses the methods to remove spurious variations from the feature representation
of a network. In Section [5.4.1] we present an experiment to remove a bias from
the feature representation network. In Section [5.4.2] we investigate how removing
an extreme bias can improve classification performance, and in Section [5.4.3 we
investigate removing multiple spurious variations from a network. The results are

detailed in Section and, finally, summarised in Section [5.6]

5.1 Related Work

Image datasets are known to contain biases that cause models to generalize poorly
to new, unseen data (Torralba and Efros, 2011; Tommasi et al. 2015). This has
been addressed by domain adaptation that aims to minimize the difference between
the source and target domains (Gretton et al., 2009). Domain adaptation has been
shown to improve the generalisability of classifiers for the same task across different
domains (Tzeng et al., 2015; [Tzeng et al. 2017). We draw inspiration from domain
adaptation methods to make CNNs agnostic to spurious variations.

Learning of feature representations that are invariant to certain spurious varia-
tions has been tackled in a number of ways. |Yin and Liu (2018]) take a multi-task
learning approach to pose-invariant face recognition. They propose a novel approach
to automatically weight each of the spurious variations during training. Another

approach is to adjust the training data distribution at training time, to avoid
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learning biases (Zhao et al., 2017)). This method relies on having labels for each
of the spurious variations for each training instance. This is not feasible for
most existing datasets, as they tend to be labeled with a single task in mind,
where information about spurious variations is not available. Our approach can
make use of separate datasets, each labelled for distinct tasks, to remove multiple
spurious variations simultaneously.

Slavin Ross et al.| (2017) and Raff and Sylvester| (2018) draw inspiration from
Ganin et al.| (2017) to remove a source of variation with the use of a gradient
reversal layer to update the network in opposition of a task. Instead of applying
gradient reversal on the output of the softmax layer, which penalizes correct
classifications, we compute the cross-entropy of the output classifier and a uniform
distribution, as in (Tzeng et al.| (2015); Tzeng et al.| (2017). This ensures an equally
uninformative classifier across all tasks.

Further research was conducted on bias removal since this work was published.
These are summarised below.

Prabhu et al| (2019) investigated the effect of inter-attribute biases within
feature representations of networks using the CelebA dataset (Liu et al., 2014])
that contains 40 semantic facial attributes. When performing face manipulation
by interpolating along the latent vector corresponding to more “attractive” faces,
input faces, regardless of ancestral origin or sex were transformed to young, blond
females. This was undone in a post-hoc manner by modelling the relationships
between attributes as a graph and applying Markov-blanket correction factors
to the latent space vectors.

An approach to reduce dataset bias by introducing synthetic data in pre-training
was investigated by [Kortylewski et al. (2019). They use a face image generator
to generate faces for known nuisance variables and pre-trained networks on highly
variable image. This was followed by fine-tuning on real-world data. The resulting
networks were shown to be more generalisable.

A new face dataset for ancestral origin classification was collected by Wang et al.

(2018a)) consisting of about 40,000 images across four broad ancestral origins. The
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images were curated by selecting images from within the MS-Celeb-1M dataset,

which contains 10 million faces of 1 million public figures (Guo et al, |2016).

5.2 Datasets
5.2.1 LAOFIW: Labeled Ancestral Origin Faces in the Wild

A new ancestral origin database was created as part of this work called “Labeled
Ancestral Origin Faces in the Wild (LAOFIW)”. The aim of this dataset was to
1) create a dataset for experimentation, and 2) be used as a spurious variation
dataset for applications where training a network to be agnostic to ancestral
origin is important.

The database was assembled using the Bing Image Search API. Search terms
were selected by geographical regions, e.g. for the Western European class “German,
English, Polish, etc”. These terms were submitted to the search engine in conjunction
with the words “man, woman, boy, girl”. Additionally, results were filtered using
API parameters to return only photographic images of faces. A complete list of
the search terms we used is given in table 5.1l In total, 42 origin search terms
were queried returning 20,000 images. A significant number of these images were
duplicates. As duplicates often varied slightly due to differences in compression
and crops, simple pixel-to-pixel comparisons between images could not be used to
identify them. Instead, we computed Histogram of Oriented Gradients features
(Dalal and Triggs, [2005) for each image and encoded them using a Gaussian mixture
model with 512 centres to create an image “signature”. Images with the same
signature were classed as duplicates and removed. The remaining 14,000 images,
were manually divided into four broad ancestral origins: sub-Saharan Africa, Indian
Subcontinent, Europe, and East Asia. These classes were selected on the basis
of being visually distinct from each other.

Images were selected so that male and female individuals were represented in
similar numbers. The data is diverse in backgrounds, lighting and expression, which

is reflected in our coice to name it “..in the Wild”. It also contains images with
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Table 5.1: Table of search terms for LAOFIW

German  Chinese African
Russian  Tibetan Sudanese
[talian Korean Congolese

French Taiwanese  Kenyan

English  Hong Kong Nigerian

Irish Mongolian ~ Zambian
Spanish ~ Japanese Zimbabwean
Austrian  Beijing Ugandan
Swiss Shanghai Eritrean

Polish Guangzhou Ivory Coast

Pakistani
Indian
Bengali
Mumbai
Lahore
Delhi
Kerala
Gujarat
Marathi

Kashmiri

varied poses: more than a third of the images are non-frontal. Sample images are

shown in Figure |5.1l. This dataset is available upon request.

Figure 5.1: Example images from the LAOFIW dataset for each of the four classes. In
rows top to bottom: Sub-Saharan Africa, Europe, East Asia, Indian Subcontinent. The
images are highly variable in age, gender, pose, lighting and expression.

The LAOFIW database was used to investigate the effect of racial bias in the

feature representation of networks. Of the 14,000 images, 12,000 were were used
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for training (4,000 for each ancestral origin) and the remaining 2,000 images (also

class-balanced) were retained as a test dataset.

5.2.2 “Cleaned” IMDB Dataset

The IMDB dataset is a large publicly available dataset of the images contained in
the profiles of the 100,000 most popular actors on the IMDb Websiteﬂ with gender
and date of birth labels provided for each instance (Rothe et al.,|2015)). This dataset
was used to investigate the effects of age and gender bias in celebrity datasets.

The labels in the IMDB dataset are noisy, with a number of images having both
incorrect age and gender labels. This is due to the nature of how the data was
collected: the authors assumed that images from an actor’s profile that contained a
single face would contain the actor in question. As stated by the authors, however,
these images often contain other actors, who co-starred in their movies (Rothe et al.,
2015). As gender and date of birth are taken from the profile of the actor, this
causes erroneous labels for images that show co-stars. The age of an individual
was calculated as the difference between the timestamp of the photo and the date
of birth of the subject. In some cases, the time stamps of photos pre-date an
actor’s date of birth or are otherwise unreliable.

To mitigate this problem, we used the Microsoft Azure Face AP to extract
gender and age estimates for an identity-balanced subset of 150,000 images. All
images in which the predicted gender from Azure and the IMDB gender label
disagreed were rejected. We then ran the same analysis for age and removed images
in which the Azure age prediction differed by more than 10 years from the IMDB
labels. The resulting cleaned dataset contained 60,000 images.

In order to quantify the effectiveness of this data cleansing procedure, we trained
a gender classification network on both the original 150,000 images and the cleaned
60,000 images, withholding 20% of the images for testing. We made use of a
VGG-M network (Chatfield et al., [2014)), pre-trained on the VGGFace dataset

Ihttps://www.imdb.com/
’https://azure.microsoft.com/en-gb/services/cognitive-services/face/
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(Section . Gender classification accuracies on the test images improved from
75%, before cleaning, to 99% after cleaning.

We made used the cleaned IMDB database to investigate age and gender biases.
The distribution of ages for each gender in the cleaned IMDB dataset is shown in
Figure [5.2] It can observed that a bias towards younger women and older men is
present in the data. This reflects reality in the film industry, where women generally
have shorter careers than their male counterparts.

A subset of the cleaned data was used to create an unbiased test dataset, which
contains equal numbers of men and women for each age category. This unbiased

test dataset was used to evaluate network bias and was not used during training.
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Figure 5.2: Age distributions and differences for women (red) and men (blue) in the
cleaned IMDB dataset. The dataset bias towards younger women and older men is visible.
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5.2.3 Annotated Faces in the Wild

Annotated Faces in the Wild (AFLW) is a face dataset that contains 25,993 images
of faces collected from Flickr (Kostinger et al., 2011)). These images contain 21
manually annotated facial landmarks and are categorized by sex. The dataset also
contains estimated face pose angles (pitch, yaw, and roll from neutral).

We made use of the AFLW dataset categorized by yaw, to classify the pose
of faces. The poses were binned into five categories, “profile left, near-frontal left,
frontal, near-frontal right, profile right”. The non-frontal images were duplicated
and flipped to augment the dataset. A class-balanced subset of 24,000 images was

selected for training, and a class-balanced set of 6,000 images was reserved for testing.

5.3 Unbiased Learning Algorithm

In the following, we introduce our joint learning and unlearning (JLU) algorithm
that aims to learn a single feature representation O, that is informative for a
primary classification task, whilst simultaneously being uninformative for a number
of spurious variations, that represent undesirable sources of variation. For example,
we may wish to create an age classifier, that does not base its decisions on any
pose, ancestral origin, or gender information.

The convolutional network (CNN) architecture is depicted in Figure 5.3} The
primary branch has a single classification loss, the primary classification loss, which
assesses the ability of the network to accurately distinguish between classes of the
primary task. Each secondary branch has two losses: a classification loss and a
confusion loss. These losses are used to, in turn, assess the amount of spurious
variation information left in the feature representation 0., and then remove it.

Assume access to a primary dataset D, = {z;, y; ?ip containing n, images, r;,
with labels y; € {1, ..., K'}. And similarly, assume access to M secondary datasets,

D, = {D,,}M_,, each describing a single spurious variation.
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Figure 5.3: We use a joint loss over primary and secondary data to learn a feature
representation that simultaneously learns to classify the primary task but becomes
invariant to secondary tasks, the spurious variations. The spurious variation (secondary)
classification loss and confusion loss act in opposition to learn the classifier on the feature
embedding and change the feature embedding to confuse the classifier, respectively. They
are optimised alternatively according to Algorithm (I} as shown in (b) and (c¢). The base
architecture is a VGG-M network (Chatfield et al., 2014)).

Let the classification objective for a generic task with K classes and a cor-
responding classifier 6., given a feature representation 6., be defined as the

standard softmax loss:
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K
Lsoftmax(xaya Tepr) c Z Ingky (51)

where p;. is the softmax of the classifier’s output assigning the input x to class k.
We will refer to this loss evaluated on the primary task as Lp(xp, Yp; Orepr, 0p) and
on the m-th spurious variation as Ly, (%, Ym, Orepr; Om)-

Inspired by Tzeng et al. (2015]), we introduce a confusion loss for the m-th
spurious variation, Leont(Zm, Ym, Om; Orepr)s i . Minimizing the confusion loss
seeks to change the feature representation 0y, such that it becomes invariant
to the spurious variations.

Leont.m(Tm, Ym, Om; Orepr) = — Z ;logpm. (5.2)

m=1
We compute the best classifier for each spurious variation, 6,,, and then compute the
entropy between the output predicted from each of these classifiers and a uniform

distribution. The complete method minimizes the joint loss function:

L(Zp, Yps Ts, Yss Ops Os, Orepr) = Lip(Tp, Yp3 Oreprs Op)
(5.3)
+ Ls + CYLconfa

where 0 < a < 1 and determines how strongly the confusion loss affects the

overall loss, 05 = {6,...,0)}, and
1 M
Conf M mzz:l conf,m mma Ym, ema erepr) (54)
M
Z BmLm $m, Ym, erepr; Hm)a (55)
m=1

where (,, is a weight assigned to the m—th spurious variation. As mentioned in
(Tzeng et al., 2015), the confusion loss and the spurious variation classification
loss stand in opposition to one another, so they cannot be optimized in the same
step. Therefore, we switch between training the spurious variation classification
loss, L, and then the joint primary and confusion loss, L, (2, ¥p; Oreprs 0p) + @ Lecons-
At each iteration, the best spurious variation classifier is found for the feature

representation. This spurious variation classifier tells us how much information
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thereof remains in the feature representation of the network. We then attempt to
remove it with the confusion loss. The training procedure is shown in algorithm

We used the VGG-M architecture (Chatfield et al., [2014), which consists of five
convolutional layers (conv1-5) and three fully connected layers (fc6-8). The feature

representation parameters 6., represent layers convl-fc7.

Algorithm 1 Joint Learning and Unlearning

1: procedure MINIMISE L(z,, Y, Ts, Ys, Op, 05, Orepr)
2 for epochs do

3 while Cfi’;: # 0 do

4: minimise L

5: end while
6:
7
8:

minimise Ly, + aLcont
end for
end procedure

5.4 Experiments on Removing Bias

In this section, we present experiments to demonstrate possible applications of our

methodology and the datasets they were tested on.

Removal of a bias from a network — Training a gender-agnostic age classifier
using the IMDB dataset, to overcome a gender bias: female celebrities tend

to be younger than their male counterparts in this dataset.

Removal of an extreme bias from a network — Training an age-agnostic gen-
der classifier on subsets of the IMDB dataset that contain only young women

and only old men, and vice versa.

Simultaneous removal of multiple spurious variations — Demonstrating our
JLU algorithm’s ability to simultaneously remove multiple spurious variations
from the feature representation of a network trained for a primary classification

task.
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5.4.1 Removal of a bias from a network

We investigated the task of creating an age classifier using the cleaned IMDB dataset
described in Section [5.2.2] We hypothesize that the gender bias in the distribution,
where men are generally older than their female counterparts in this dataset, will
be learned by the network. Since the training dataset is relatively small for a deep
learning task, age estimation is not approached as a regression task. Instead, age
classification is conducted by creating age bins of 5 years, or more years at either
end of the distribution. The categories are shown in Figure [5.2] Predictions within
one class from the true age class are accepted as positive classifications to account
for errors caused by edge cases in different bins.

Two VGG-M networks were trained to perform this task: 1) baseline — trained
solely on age data, 2) blind — using the JLU algorithm to trained on age data
whilst removing gender-specific information from the network.

Both networks were evaluated on the unbiased test dataset detailed in Section
b.2.2] Accuracies for age classification and prediction distributions were compared
for both genders.

5.4.2 Removal of an extreme bias from a network

Gender classifiers were trained using the following artificially biased subsets of

the cleaned IMDB data from Section [5.2.2
1. Extreme bias 1 (EB1): women aged 0-30, men aged 40+
2. Extreme bias 2 (EB2): women aged 40+, men aged 0-30

A buffer of 10 years without any individuals was placed between the two sets to
exaggerate the age difference between the genders. We hypothesize that the age bias
in the distribution will be learned by the network, for example, if trained on EB1,
it should falsely learn to predict that young men are in fact women. Histograms

of these datasets are given in Figure [5.4]
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We trained a baseline network on gender only, and a blind network to unlearn
age with our JLU algorithm. The trained classifiers were evaluated on the unbiased

test dataset detailed in Section [(.2.2
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(a) EB1: women aged 0-30, men aged 40+ (b) EB2: women aged 40+, men aged 0-30

Figure 5.4: Histograms showing the ages of women (red) and men (blue) in the artificially
biased datasets. In both cases, individuals aged under 35 were selected for the young,
and individuals aged above 45 were selected for the old set.

5.4.3 Simultaneous removal of multiple spurious variations

In this experiment we will investigate the efficacy of our JLU algorithm for unlearning
multiple spurious variations from the feature representation of a network. The
primary task and spurious variations are selected from age, gender, ancestral origin
and pose. In each case, one task is selected as the primary task, and the remaining
three make up the spurious variations that are to be removed. As before, a baseline
network was trained for each primary task without using our JLU algorithm.
The cleaned IMDB dataset described in Section was used for age and
gender labels. The LAOFIW dataset, described in Section was used to
classify ancestral origin. Finally, the adapted AFLW dataset (Section was

used to classify pose.

5.4.4 Implementation details

The base network is an adapted VGG-M network (Chatfield et al.l 2014)), pre-trained
on the VGG-Face dataset 2.4.3] In our experiments, we noticed no significant

improvement in updating the weights in the convolutional layers, therefore, the
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weights in layers convl-convb were frozen for all experiments. This significantly
increased the speed of the training algorithm.

The confusion loss was approximated using the Kullback-Leibler divergence
between the softmax output of a classifier and a uniform distribution. The network
was trained using stochastic gradient descent (SGD) with a constant learning rate
of 1 x 10™*. Learning rates of classification layers for each task were boosted by a
factor of 10. The hyperparameter in Equation was found using a grid search
and set to a value of @ = 0.1. The spurious variation classifier hyperparameters
were all set to 3,, = 1 to weight them equally. To address the imbalance in the
class distributions of the training data, losses were weighted by the inverse of the
relative frequency of that class. The MatConvNet framework (Vedaldi and Lend,

2015) was used for these experiments.

5.5 Results
5.5.1 Removal of a bias from a dataset

We computed feature representations for the class-balanced test dataset from
Section [£.2.2] for both baseline and blind networks. T-SNE visualizations of these
feature embeddings are shown in Figure [5.5] The feature representation of the
baseline network that was trained to classify age is clearly separable by gender,
demonstrating that the bias in the training data was learned. After unlearning
gender, the feature representation is no longer separable by gender, demonstrating
that this bias has been removed.

The distributions of the age predictions and ground truth on the gender-balanced
test set are shown in Figure [5.6] The red and blue lines show the predicted ages for
women and men, respectively. The black dashed line shows the ground truth for
both genders. The distributions of predicted ages for females and males are different
for the baseline network (Figure : women’s ages tend to be underestimated,
whereas men’s ages are generally overestimated. This behaviour mimics the bias
within the training data, which confirms that the classification model is making

age predictions that are, to a degree, dependent on gender.
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(a) Feature representation of baseline network (b) Feature representation of blind network

Figure 5.5: T-SNE visualizations of 4096-dimensional feature representation of the
class-balanced test dataset for age classification networks trained on gender-biased data.
(a) Baseline network without unlearning gender, (b) Blind network with gender unlearning.
The feature representation is clearly separable by gender for the baseline network, showing
that the network has learned the gender bias in the dataset. After unlearning, this bias is
no longer pronounced.

In order to be sure that the network is not using gender information to predict
age, both female and male prediction distributions should be similar. Figure [5.6b
shows the distributions for the network that has been trained to no longer be
able to differentiate between genders. The KL-divergence between age prediction
distributions for men and women of the biased and unbiased networks are 0.049 and
0.027, respectively. The reduction in KL-divergence shows that the network has
successfully unlearned gender, as the predicted age distributions for both genders
are similar. Note, that we are not necessarily trying to perfectly predict the ground
truth, but be confident that men and women are not being treated differently.

The average prediction accuracy for age classification on the gender-balanced
test dataset for the baseline network was 78.9% (78.4% for females and 79.4% for
males) and for the unbiased network was 78.1% (77.4% for females and 78.9% for
males). This corresponds to a reduction in accuracy of 0.8% (1.2% for females

and 0.5% for males).
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Figure 5.6: Prediction distributions of age for each gender compared to the ground
truth (black) for men (blue) and women (red). The evaluation dataset was gender-
balanced so that each class has an equal number of women and men. (a) Baseline network
without unlearning gender, (b) unbiased network with gender unlearning. The prediction
distributions for women and men align after unlearning gender. The KL-divergence score
between the prediction distributions of men and women are given for each case. The
KL-Divergence score reduces, as the two distributions become more similar.

5.5.2 Removal of an extreme bias from a network

The baseline gender classification accuracy on the gender-balanced test data was
70% for a network trained on the EB1 dataset. This was improved by 16% to 86%
for the blind network, where age information was simultaneously unlearned. The
accuracies for networks trained on the EB2 dataset were 62% for the baseline and
82% for the blind network. This amounts to a 20% increase in classification accuracy.

The age distributions of individuals that were predicted to be either male or
female, trained on the EB1 dataset, are shown in Figure The baseline network
often wrongly predicts older individuals to be male, and younger individuals to be
female, in line with the training data. The age distribution of gender predictions
from the JLU network, however, is closer to the true distribution. We observed
similar results for the baseline network trained on the EB2 dataset, where younger
individuals were more often predicted to be male, and older individuals were more
often predicted to be female. The JLU network prediction distributions were

closer to the true distributions.
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(b) Male and female predictions by age by network trained on EB2 dataset

Figure 5.7: Age distributions of male and female predictions from networks trained on
the biased (a) EB1 and (b) EB2 datasets, evaluated on the gender-balanced test data.
The baseline network (blue) often wrongly predicts older individuals to be male and
younger individuals to be female. Using the JLU algorithm (red) reduces this bias and
shifts the prediction distributions closer to the true distribution (black dotted).

5.5.3 Simultaneous removal of multiple spurious variations

Figure [5.8 shows how the accuracies on the test data for each attribute vary over
the JLU training procedure when simultaneously unlearning multiple spurious
variations. For clarity, in the figure, spurious variation classification accuracies

were rescaled using Equation [5.6]
a=1——, (5.6)

where e is the mean-class error of the classifier and e, corresponds to the error-rate
of a classifier that draws at random. A perfect classifier corresponds to a score
of @ = 1 and a random classifier corresponds to a score of a = 0. The primary

classification accuracy was not rescaled.
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These results are summarised in table [(.2] for networks trained with and without
JLU. The baseline column corresponds to the accuracy of the best classifier on
a feature embedding trained without JLU. The “blind” column shows the same
accuracies when using the JLU algorithm. When the classifier cannot recover
meaningful information from the feature embedding the accuracy is equivalent

to random chance.

Age — The primary classification accuracy of the blind network is 5% less
than the baseline network. Information about ancestral origin was removed from
the network completely. Gender and pose information were removed by 88%

and 91%, respectively.

Ancestral Origin — The primary classification accuracy of the blind network
improved by 1% compared to the baseline network. The proportions of age, gender,

and pose information that were unlearned were 92%, 98%, and 86%, respectively.

Gender — The primary classification accuracy of the blind network is the
same as the baseline network. Age, ancestral origin, and pose information were

removed by 94%, 98% and 95%, respectively.

Pose — The primary classification accuracy of the blind network is the same
as the baseline network. Information about age, ancestral origin, and gender were

removed from the network by 93%, 78% and 86%, respectively.

Apart from the network that was trained on the primary task of age classification
on data that contained a strong gender bias, all blind networks have the same
or better primary classification accuracy compared to their baseline counterparts.
Spurious variations were successfully removed in most cases, with classification
accuracies reducing to within 5% of random chance in 9/12 cases. The pose
experiment proved the least effective, with ancestral origin information proving

most difficult to remove.
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Figure 5.8: Classification accuracies on test data for the primary task and spurious
variations during the training procedure of the JLU algorithm. The primary classification
accuracy is compared to the baseline network accuracy (dotted). The spurious variation
accuracies have been re-scaled using Equation [5.6[so that zero accuracy corresponds to
the accuracy of a random chance classifier.
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Table 5.2: Classification accuracies for each spurious variation for a baseline network

and a “blind network”.

The baseline accuracies show the best classifiers that can be

learned on the feature representation of the primary task without the JLU algorithm. The
“Blind” column shows the classification accuracies after JLU. The random chance column
states the target accuracy for a spurious variation classifier after JLU, corresponding
to an uninformative classifier’s accuracy. The % unlearned column shows the relative
difference of baseline and blind accuracies to random chance.

Primary Spurious Baseline Blind % Random
Unlearned Chance
Age 0.79 0.74
Ancestral 0.83 0.25 100% 0.25
Origin
Gender 0.99 0.56 88% 0.50
Pose 0.66 0.24 91% 0.20
Ancestral 0.94 0.95
Origin
Age 0.58 0.12 92% 0.08
Gender 0.99 0.51 98% 0.50
Pose 0.56 0.25 86% 0.20
Gender 0.99 0.99
Age 0.70 0.12 94% 0.08
Ancestral 0.85 0.26 98% 0.25
Origin
Pose 0.62 0.22 95% 0.20
Pose 0.84 0.84
Age 0.68 0.12 93% 0.08
Ancestral 0.88 0.39 78% 0.25
Origin
Gender 0.99 0.57 86% 0.50
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5.6 Conclusion

This chapter presents an approach for removing multiple known dataset biases
or spurious variations from a deep neural network. Similar to previous work in
the field, the algorithm is inspired by domain adaptation work, such as [Tzeng
et al.| (2015). We compare the cross-entropy between the output distribution of
classifiers that are trained to predict spurious variations and a uniform distribution.
The resulting feature representation is informative for the primary task but blind
to one or more spurious variations.

We demonstrated our algorithm’s efficacy on face classification tasks of age,
ancestral origin, pose and gender. The resulting feature representations remained
informative for one task, whilst simultaneously being uninformative for the others.
When training a gender classification network on extremely age-biased data, our
algorithm significantly improves (by up to 20%) classification accuracies on an
unbiased test dataset. This demonstrates that our algorithm allows networks
trained on biased data to generalize better to unbiased settings, by removing a
known bias from the feature representation of the network.

This is a significant step towards trusting that a network definitely isn’t basing
its decisions on the wrong reasons. With increasing use of neural networks in
government, law, and employment to make life-changing decisions, it is of great
importance, that undesirable social biases are not encoded in the decision algorithm.

In the context of genetic disorders, datasets are generally small and often all
available faces for a syndrome are collected from a single source. This can introduce
strong image level biases, e.g. background and lighting conditions, and biases
towards the ancestral origin of the population at the image source. We see our
algorithm being used to guide the network to ignore these known biases. This
is especially useful for our work in Chapter [0, where we create a face embedding
that we hope will generalise to new genetic disorders that did not form part of
the training data. By removing spurious variations from the face embedding, the
remaining variations in the learnt feature representations could be associated more

closely to clinically relevant features.
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Some spurious variations are easier to remove than others — applying different
weights to each spurious variation classifier could account for these differences. A
dynamic-weighting scheme, as in (Yin and Liu, 2018), to automatically weight these

different tasks at different time-points during training may improve convergence.
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This chapter presents a novel image augmentation approach for creating a robust
deep face embedding that clusters patients based on shared facial phenotypes. Such
an embedding could be used to find groups of patients that share underlying genetic
variants. These could then be studied together to characterise the shared genetic
disorder. Training such an embedding, however, is a challenging task, as datasets for

training only cover a small fraction of all known genetic disorders. If an embedding
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is to be useful for clinical use, it would need to generalise beyond syndromes present
in the training dataset and encode facial phenotype information more generally.

Ferry et al. (2014)) introduced the concept of a “Clinical Face Phenotype Space”
by measuring distances in an embedding space that was trained using engineered-
feature based representations of images from the LSITW dataset (Section [1.1.1)).
Patients with shared disorders were shown to lie close to each other in this embedding
space. Furthermore, they showed that this embedding was capable of clustering
syndromes that were not present in the training data (Ferry et al.| 2014]).

In Chapter [ we showed that deep representations outperform engineered-
feature based representations for classifying genetic disorders. This motivates us to
investigate the use of CNNs to create a deep face embeddings, where we hope to see a
similar improvement. Creating a deep genetic disorder embedding, however, presents
us with two main challenges. The first, is a lack of training data to learn an accurate
syndrome face embedding. And second, the face embedding space between classes is
poorly defined, as relationships between syndromes are not captured during training.

Zhang et al. (2017) introduce the idea of “mixing” images from different classes
and learning the fractional contribution of each class to the composite. This is
achieved by naively blending two images together and creating a label vector that
contains a fraction label for each class that is present. If we consider a binary
classification task between cats and dogs, cat images may be assigned the one-hot
label [1, 0] and dogs the label [0, 1]. A mixture of the two e.g., a cat image with
30% opacity overlayed on a dog image with 70% opacity would be assigned a label
of [0.3, 0.7]. This forces the network to learn the inter-class relationships between
the two species. The training images, however, do not look realistic when simply
overlayed. We mitigate this problem by using landmark guided interpolations, as
introduced in Section [3.5] The resulting interpolations look more realistic and
contain fewer artifacts in the face (Figure [6.1)).

We make use of methods from Chapter [3| to create new realistic-looking faces
by interpolating between pairs of faces to augment the training dataset. We name

the learned embedding the “Interpolated Clinical Face Phenotype Space” (I-CFPS).
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Our contributions are two-fold:

Within-class interpolations (WC): We create interpolations between faces that
share a class, as a form of image augmentation, to improve deep representation
training from small datasets.

Between-class interpolations (BC): We create interpolations between faces
of different classes, creating face mixtures of two syndromes. This allows us to
explicitly model the space between syndromes. We hypothesise that this may

improve the generalisation performance of the deep representation.

We define three tasks to measure the quality of the learned I-CFPS. K-NN
classification accuracies are measured against on three test datasets: 1) test images
of known syndromes represented in the training domain, 2) test images of known
syndromes from different domains, and 3) test images of unknown syndromes, that
were not part of the training domain. Known syndromes refer to class labels seen
by the network as part of the training dataset.

Section [6.1] describes the different train and test datasets we used to demonstrate
our algorithm. Our method for creating interpolated faces for image augmentation is
introduced in Section We then investigate its utility as an image augmentation
for classification (Section [6.3). Section [6.4] introduces different networks for creating
face embeddings, which are demonstrated in Section We evaluate our version
of the clinical face phenotype space on the DDD dataset in Section to measure

how well our embeddings generalise to unseen data and conclude in Section [6.7]

6.1 Datasets

Subsets of images from the LSITW, PiPP, and MIR datasets (Section were
used to train and evaluate the efficacy of using interpolations when training
networks in this chapter.

The training subset from LSITW, as described in Section [2.4.1] was used to
train the algorithms in this chapter. It will be referred to as LSITW train.
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(¢) Input images

Figure 6.1: Differences between (a) Naive blending of two faces, (b) annotation guided
interpolation from (c) input images. Annotation guided interpolation yields better quality
results. This is a composite image interpolating between two famous celebrities.

The following subsets were used for evaluation:
o LSITW test — testing set from LSITW, as described in Section [2.4.1]

e non-LSITW test — images from PiPP and MIR of the 8 syndromes that
appear in LSITW train.

o Unseen evaluation — Images from MIR and PiPP of 38 syndromes that

were not part of any training dataset (Table .

We also made use of the Deciphering Developmental Disorders study (Section
2.4.2)) to investigate how well our embeddings generalise to a large clinical dataset

of unseen data.
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Table 6.1: List of images and syndromes in unseen evaluation subset of MIR, and PiPP

Disorder Images
22q11.2 deletion syndrome 10
Aarskog-Scott syndrome 10
Achondroplasia 10
Acrofacial dysostosis 16
Auriculocondylar syndrome 10
Cardiofaciocutaneous syndrome 33
Cleidocranial dysplasia 12
Coffin-Lowry syndrome 40
Ehlers-Danlos syndrome 26
Goldenhar syndrome 12
Gorlin syndrome 40
Lenz-Majewski hyperostotic dwarfism 18
Mandibulofacial dysostosis 31
Marfan syndrome 50
Melnick-Needles syndrome 12
Monosomy 5p 15
Muenke syndrome 14
Myeloid neoplasms associated with eosinophilia and 10
abnormality of PDGFRA, PDGFRB or FGFR1

Noonan syndrome 111
Orofaciodigital syndrome 24
Otopalatodigital syndrome 26
Prader-Willi syndrome 41
Proteus syndrome 15
Rothmund-Thomson syndrome 11
Saethre-Chotzen syndrome 17
Sotos syndrome 52
Stickler syndrome 10
Turner syndrome 17
Waardenburg syndrome 49
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6.2 Interpolating Between Faces

This section introduces the methods for generating interpolations between faces
to augment datasets with new, realistic-looking faces.

Interpolations between individual faces are created using the methods described
in Section Given two images, I; and Iy, of labels ¢; and ¢; the interpolation
I, 5(7y) is a function of the coefficient of interpolation, . This coefficient can range
between 0 < v < 1 and defines the relative contribution of either image towards
the resulting interpolation. When v = 1, the resulting interpolated image consists
only of I}, and when v = 0, the resulting interpolated image consists only of I.

The class label of the interpolated image is defined as

c12(7) = 70(c1) + (1 = 7)O(ea), (6.1)

where O(¢;) is the one-hot representation of class ¢;.
Figure [6.2] demonstrates the WC and BC interpolations using several players

from German and Brazilian football teams and the resulting ground truth labels.

Class Label Class Label Class Label
[1,0] [0.5, 0.5] [0, 1]

(a) Brazilian team (b) Mixtures (c) German team

Figure 6.2: (a) Brazilian football players (left) and WC interpolations (right), (b) BC
interpolations, (¢) German football players (left) and WC interpolations (right).
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6.2.1 Sigmoid-Weighted Appearance Blending

Interpolating between faces can cause unwanted visual artifacts where features do not
overlap well. These are especially noticeable outside of the annotated region of the
face, e.g. two sets of ears being visible. When creating transition videos, as in Section
[3.5] these were not considered problematic. However, these artifacts were found to
negatively impact the training of deep networks. We therefore introduce sigmoid-
weighted blending, which reduces the appearance of these artifacts in interpolations
and, when used to train networks, improves classification performance.

In Section [3.5] we introduced an appearance blending equation, where the same
coefficient of interpolation, v applies to both shape and appearance interpolation
(re-stated in Equation for convenience). We will refer to this approach as “linear

appearance blending” in the remainder of this chapter.
A(y) =vA1+ (1 =) A, (6.2)

Sigmoid-weighted interpolation weights appearance and shape differently. The shape

equation remains linear, however the appearance coefficient is weighted as follows,

A(y) =o(7)A1 + (1 —0(7))As, (6.3)

where o denotes the following sigmoid function:

1

T 1405 (6.4)

a(v)

where € can be used to adjust the shape of the sigmoid function. A value of € = 12
was chosen experimentally and used in our experiments.

Figure shows the appearance and shape interpolation coefficients for linear
and sigmoid-weighted blending. A more detailed example of both blending modes in
practice is shown in Figure 6.4l The differences are subtle and may be more easily
observed digitally. At either end of the sigmoid-weighted interpolation (y < 0.3 and
v > 0.7), the changes to the face are analogous to pose and expression augmentations,

rather than face mixtures. Towards the middle of the interpolation (y = 0.5) both
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images contribute equally to the appearance of the interpolation. The artifacts at

this point are unavoidable without landmark description for areas outside of the face.

Fudh i

Sigmbid—Weighted Appearance Blending
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Figure 6.3: The two curves show the shape vs appearance coeflicient values for linear
(black dotted, v) and sigmoid-weighted (blue, o(y)) blending. The pixel values of one
image dominates at either end of the morph (v < 0.3 and v > 0.7) when using sigmoid-
weighted blending. In the middle of the interpolation, (v = 0.5) both methods are
comparable.
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6.3 Interpolating Between Faces to Improve Clas-
sification

We now demonstrate the benefits of WC interpolation in an image classification
setting. We used within-class interpolation as a data augmentation method to train
networks on the LSITW train data to classify the 8 syndromes.

Pairs of images, {I;,I;}, where i # j, sharing the same class label were sam-
pled. The interpolation coefficient was sampled at random from a list v =
{0,0.1,0.2,0.3,...,1}. Contrary to observations by Zhang et al. (2017)), we did
not find that restricting v € [0.1,0.4] lead to improved classification performance.

We make use of the base architecture of ResNetb0 network, pre-trained on
VGGFace2 was used (Section and fine-tune the network on the training
dataset of LSITW. The training procedure is detailed in Section The image
augmentations in Section were applied after interpolating.

Table [6.2] contains classification accuracies on the LSITW test data for networks
trained without using interpolation, with linear interpolation, and with sigmoid-

weighted interpolation.

Table 6.2: Summary table of average classification accuracies (%) on LSITW test data
with different interpolation methods.

Accuracy (%)
Baseline (No interpolation) 90.6
Linear interpolation 91.6
Sigmoid-weighted interpolation 92.5

The baseline network, trained without interpolations, achieves a classification
accuracy of 90.6%. This is the same VGG-M network as in Section that
was pre-trained on VGGFace (Section and fine-tuned to classify the 8
syndromes in the LSITW dataset (Section . Augmenting the training dataset
with linear interpolations, the accuracy increases to 92.1% (+1.5%). Sigmoid-
weighted interpolation performs best, at 93.0%, a 2.4% improvement upon the

baseline network.
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This improvement in classification accuracies confirms that interpolating be-
tween faces is a valuable image augmentation method for improving deep feature
representations. In the remainder of this chapter, we investigate their use in training

face embeddings that can generalise to beyond syndromes seen during training.

6.4 Methods for Learning Face Embeddings

This section describes the methods for learning a deep feature representation, which
acts as an embedding space in which patients with shared syndromes lie closer
to each other than patients with different syndromes. Three approaches were
considered: siamese networks with curriculum learning (Section , prototypical
networks (Section and triplet networks (Section [6.4.2).

6.4.1 Siamese Network with Curriculum Learning

We make use of the siamese network approach (Section to learn embeddings.
Curriculum learning (Nagrani et al., [2018)) was used to further improve the learned
embedding. This method samples progressively harder negative pairs to gradually
make the embedding more sensitive to these difficult cases.

When constructing a batch, an equal number of positive and negative pairs were
sampled to ensure that the loss function was balanced for both cases. The negative
samples were sampled randomly until the loss converged, after which curriculum
learning was used to select progressively harder negatives (Nagrani et all 2018]).
Positives are sampled randomly throughout the procedure. The distance from
an image of class y = k is computed to every negative image of class y # k in
the training batch and sorted. A difficulty parameter 7, that corresponds to the
percentile of the ranked negatives, is used to select an appropriately hard negative:
the negative with the smallest distance to the anchor is defined as the hardest
negative for which 7 = 1 and 7 = 0 corresponds to selecting the easiest negative.

The value for 7 was increased gradually, starting from 7 = 0.3 up until 7 = 0.8.
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6.4.2 Interpolating Between Classes with Triplets

The BC triplet sampling method is based on the triplet network introduced in
Section At each instance, three images are sampled from two classes (cy, ¢3):
the anchor image, x, from the class ¢; and two images, x1, x5 from class co. For each
of the second class’ images, an interpolation is created between it and the anchor
with different interpolation ratios, 71, v2. The magnitude of the interpolation factors

(74 > ~v—) decides which of the interpolations is chosen as the positive or negative

in the triplet (zy,z_). The BC triplet sampling approach is shown in Figure

)

y=0.8

ositive
anchor P

negative

! D

y=0.3 P .g_

Figure 6.5: BC triplet sampling method: Three images are sampled, an anchor image
from class A (German) and two from class B (Brazilian). For each A-B pairing, a random
interpolation ratio is sampled and an interpolation is created. The interpolation that is
more similar to the anchor is chosen as the positive, and the other image is chosen as the
negative in the triplet.

The triplet loss function is shown in Equation [6.5} The aim is to create an

embedding space in which x and x, are closer to each other than z and x_
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by at least a margin m.
L(z,zy,x_) = max(0,m + D(z,xy) — D(z,2_)), (6.5)

where D(xz;,x;) denotes the distance between two images z;, z; in embedding space.

6.5 Interpolated Face Embeddings

This section presents our experiments and results when using WC and BC inter-

polations to create deep genetic face embeddings.

6.5.1 Experiments

We trained a ResNet50 network architecture, pre-trained on VGGFace2 (Section
2.4.4) to learn interpolated face embeddings in the following three settings:

o Class — Classification network from Section [6.3]
o Siamese — Siamese network, initialised from Class network
o Prototypical — Prototypical network, initialised from Class network

Baseline networks were trained on the LSITW train data without augmenting the
training dataset with interpolations. These are compared to networks trained with
WC interpolation, networks trained with BC interpolation, and network trained
first with WC interpolation, followed by BC interpolation.

We evaluated the clustering performance of the face embeddings in three
settings. First the classification accuracies on test data from the same domain
were evaluated (LSITW test). Secondly, the generalisation performance to images
of seen syndromes in a different domain was measured (non-LSITW test). Third,
the generalisation performance to unseen syndromes in a different domain was
measured (Unseen evaluation).

Networks trained with WC interpolations will be denoted with the “WC-" prefix,
e.g. WC-Class. If the network was fine-tuned further with BC triplet learning
(using the loss defined in Equation [6.5)), it is denoted with a “+BC” suffix, e.g.
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WC-Class+BC denotes the Class network trained with WC interpolations and
then fine-tuned with BC triplet learning.

The experiments in the following sections use the sigmoid-weighted interpolation
method from Section [6.2.1f The image augmentations in Section were applied
after interpolating.

During testing, an embedding was extracted from a network for each image.
The clustering performance of the face embeddings was then measured using K-NN
clustering. We used a range of k-values, k = {1,2,3,4,5,..,10}. The k value
that resulted in the best classification accuracies was chosen and the accuracies
reported. To avoid skewing results in favour of patients with multiple images, each

patient could only appear once in any cluster.

6.5.2 Implementation Details

" Face E\‘\\ Classification
Embedding E—__"’ Layer

Resnet- 50 Architecture

Figure 6.6: Base network architecture. The face embedding layer is a fully connected
layer with a 128-dimensional output. To train the classification network, an additional
classification layer was appended. This layer was discarded when training the siamese,
prototype and triplet embeddings.

The trained classification networks from Section [6.3] were used as the base networks
for all following experiments. The classification layer was removed and all losses
act on the penultimate layer that we denote as the face embedding layer (Figure
. The learned face embedding is the 128-dimensional output of the fully-
connected embedding layer.

The weights in all layers apart from the embedding layer of the network were
frozen. Freezing those weights did not adversely affect the performance of the
learned embeddings and significantly reduced training times. The loss function

is optimised using stochastic gradient descent with a constant learning rate of

L, = 0.0001 for the embedding layer.
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For each interpolation a random 7 was sampled as in Section [6.3]

6.5.3 Results and Discussion

In the following, classification results for the models from Section [6.5] evaluated on

LSITW test, non-LSITW test, and Unseen evaluation datasets are presented.

Classification of Seen Syndromes in the Same Domain

This section presents the classification results of our models evaluated on LSITW test.
The LSITW test set contains the same 8 syndromes as were seen during training.
The patients in the LSITW test set were not, however, seen during training.

WC interpolation improved the baseline network accuracies on LSITW test for
every training regime. These are presented in Table [6.3] The best accuracy was
achieved with the Class method (92.5%), that used the softmax classification
loss for training.

Further fine-tuning with the BC triplet loss reduced accuracies for all categories.

Table 6.3: K-NN classification accuracies (%) of the experiments outlined in Section
on LSITW test. The accuracy of assigning classes randomly is 12.5%.

LSITW test | Baseline | Baseline+BC | WC | WC+BC
Class 90.6 85.2 92.5 88.5
Siamese 87.5 84.0 89.9 85.1
Prototypical 87.3 87.1 92.1 92.0

Classification of Seen Syndromes in a Different Domain

This section presents classification accuracies of our models evaluated on images
in the non-LSITW dataset, which contains images from different datasets of the
8 syndromes seen during training.

When evaluating the trained models on the non-LSITW test dataset, we noticed
a significant reduction in classification accuracies. This is most likely due to the
domain shift, e.g. images in PiPP are scans from publications. Table contains

these accuracies across all training regimes.
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Again, WC interpolation proves to be a useful augmentation method, improving
classification accuracies for all but one method (WC-Siamese+BC). The best result
was achieved by the WC-Prototypical model with a classification accuracy of 66.8%,

5.3 times better than assigning a class randomly.
Further fine-tuning with BC triplet learning significantly improved the baseline
networks (+3.9 to 5.5%). Further training with BC triplet learning of networks

trained with WC interpolations reduced classification accuracies.

Table 6.4: K-NN classification accuracies (%) of the experiments outlined in Section
on non-LSITW test. The accuracy of assigning classes randomly is 12.5%.

non-LSITW test | Baseline | Baseline+BC | WC | WC+BC
Class 52.1 57.6 58.2 58.0
Siamese 56.5 60.4 60.5 58.8
Prototypical 56.7 61.4 66.8 66.5

Classification of Unseen Syndromes

We finally present classification accuracies of our models evaluated on the Unseen
evaluation data that contains syndromes not seen during training. This is to assess

the generalisation performance beyond the 8 syndromes in the training dataset.

All models perform significantly better than random chance (3.3%), which
suggests that an embedding learned using a small number of syndromes captures

clinically relevant features that extend to unseen syndromes.

The embedding learned using the WC-Prototypical+BC regime can classify
syndromes over 10 times better (33.5%) than random chance (3.3%). This embedding
was also significantly better than the baseline Class regime (+8.9%). This suggests
that learning the relationships between classes can improve the generalisation

performance of the embedding space to new, unseen syndromes.
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Table 6.5: K-NN classification accuracies (%) of the experiments outlined in Section
on the Unseen evaluation dataset. The accuracy of assigning classes randomly is 3.3%.

Unseen evaluation | Baseline | Baseline+BC | WC | WC+BC
Class 24.6 31.0 27.0 31.3
Siamese 31.1 31.1 32.7 31.6
Prototypical 31.2 31.7 32.6 32.9

The embeddings for images from the Unseen syndromes, computed using the
WC-Prototypical+BC networks, are visualised in Figure [6.7] The embeddings were
dimensionality-reduced to 50-dimensional vectors using PCA before using t-SNE to
map them onto 2 dimensions. Though these groups were not seen during training,

images for several of the syndromes form clusters.

6.6 Evaluation on DDD Study Dataset

To assess how our face embeddings would cluster unseen patients, we conducted
experiments on the large-scale clinical DDD dataset (Section [2.4.2). We trained a
network using the WC-Prototypical+BC method on 16 syndromes from the LSITW,
MIR and PiPP datasets. This model performed the best when clustering unseen
syndromes, and was thus selected for this experiment. This model will be referred to
as the Interpolated Clinical Face Phenotype Space model (I-CFPS). The I-CFPS was
used to compute embeddings for the images in the DDD dataset. A single embedding
was used for each patient and if multiple images were present for a patient, their
embeddings were averaged. We compared the FEuclidean distances in embedding
space between random pairs of patients and pairs that had genetic variants in
common. If patients with shared genetic variants lie closer than random pairs in the

[-CFPS embedding does indeed capture clinically relevant phenotype information.
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16p11.2 Del 16p11.2 Dup Acrofacial dysostosis Cardiofaciocutaneous syndrome
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Figure 6.7: t-SNE visualisation of WC-Prototypical+BC embeddings of Unseen
evaluation data after PCA to N = 50. In each plot, one of the syndrome groups is
highlighted (orange) vs the rest of the images in the Unseen evaluation dataset (blue).
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Two experiments were conducted to evaluate the clustering performance of

the I-CFPS on the DDD study dataset:
1. Distance between patients with the same confirmed diagnoses
2. Distance between patients sharing genetic variants

Distance between patients with the same confirmed diagnoses

As mentioned in Section [6.1], information about a confirmed diagnosis is only
available for 135 patients. Of these, there are 8 positive pairs of patients that shared
the same diagnosis. The average embedding distances between random pairs of
patients was u = 98.6, 02 = 21.0. The 8 positive pairs had an average embedding
distance of u = 78.7,0% = 22.2. Therefore, it seems that the embedding space
captures clinically relevant phenotype information. However, we realise that the

sample size is very small to draw significant conclusions.

Distance between patients sharing genetic variants

The embedding distances of pairs of patients selected at random were compared to
those patients that shared genetic variants. The distributions are shown Figure [6.8]
The value of n denotes the number of patients that share each genetic variant. Most
patients sharing genetic variants on average lie closer to each other in embedding
space than random pairs.

The Mann-Whitney-U test was conducted to compare each genetic variant
distribution to randomly sampled pairs were computed to check for statistical
significance. To account for the difference in sample sizes and stochastic variance,
this test was repeated 1000 times and the maximum p-value is reported. Eight of
the 14 genetic variants had a statistically different (p < 0.05) distribution from the
random pairs, namely ADNP, DDX3X, DYRK1A, EHMT1, FOXP1, GATAD2B,
MEDI13L, and SYNGAP1. Of these eight variants six have been associated with
dismorphic facial features, e.g. DDX3X is associated with the “Abnormal facial

shape” HPO term in the Human Phenotype Ontology (Kohler et al., 2019). These
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genes were not present in the training dataset, which further confirms that the

[-CFPS can generalise to unseen genetic disorders.

I-CFPS Embedding Distances Between Patients
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Figure 6.8: Violin plots of distances in I-CFPS embedding space between random pairs
of patients and patients sharing genetic variants in DDD dataset. Mann-Whitney-U test
p-values between the random pair distribution and genetic variants are shown on the
right.

6.7 Conclusion

We investigated the creation of a face embedding, the ‘Interpolated Clinical Face
Phenotype Space’ (I-CFPS), that can cluster patients with shared genetic disorders
and generalise to syndromes that were not present in the training dataset. To
this end, we introduced an image augmentation method to create new faces by
creating interpolations between pairs of faces. The quality of these interpolations
was improved by weighting the appearance contribution of either images with a
sigmoid function with respect to the shape contribution.

Interpolating between images of the same class (WC interpolation) was shown

to improve classification accuracies of a ResNetb0 network on the LSITW test
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dataset from 90.6% to 92.5%. WC interpolation also improved the generalisation
performance of embeddings learned using siamese and prototypical networks. This
shows that generating new faces by interpolating between them within a class is a
valuable image augmentation. Further training with between-class interpolations
with triplet networks was shown to slightly improve the generalisation performance
of embeddings in some cases. More research may be necessary on the efficacy of
between-class interpolations: understanding what the clinical relationships between
pairs of syndromes is could help model these relationships more accurately than
assuming these to be linear.

We trained the I-CFPS on images from several clinical datasets of patients
with 16 syndromes. These were used to compute embeddings from images in the
clinical DDD dataset using our I-CFPS model of disorders that were not seen during
training. We showed that patients sharing genetic variants clustered closer than
random chance. This confirms that our methods to augment facial datasets with

interpolations can help learn face embedding that generalise to unseen syndromes.
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We conclude this thesis by summarising the main findings and implications of

our work, as well as suggesting avenues for future research.

7.1 Achievements

Recent developments in deep learning have lead to a plethora of successes in
computer vision tasks that had until quite recently been considered too difficult
to solve. However, these successes rely to a great extent on large amounts of
high quality training data to achieve super-human levels of accuracy on many
different classification tasks.

Inspired by these remarkable gains, we explored ways to leverage these deep
learning techniques to aid the classification of genetic disorders from facial pho-
tographs. This application domain comes with significant challenges that make
applying deep learning methods non-trivial due to ethical and legal concerns and

strictures. The data available for different genetic disorders is often scarce and

124
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patient privacy is an important concern. Furthermore, there are a large number
of genetic disorders, most of which we do not have access to facial images for.
There therefore exists a need to create models that generalise beyond syndromes
that are present in the training data.

The contributions in this thesis go some way towards leveraging the success of
deep learning on generic computer vision tasks to improve the detection of and the

research into genetic disorders.

In Chapter [3, we presented methods for the creation of realistic average faces
that preserve syndrome phenotypes, whilst de-identifying constituent individuals.
We showed that facial asymmetry could be preserved using a combination of shape
measures. Fxaggerated averages and transitions between healthy controls and
syndromes averages were used to highlight clinically relevant phenotypes. These
averages were used in several publications (Deciphering Developmental Disorders
Study et al., [2017; Bengani et al., [2017; Reijnders et al., 2018alb), where visualising
the commonalities between patients was a valuable output. Due to patient consent
restrictions, images of individual patients would not have been permitted to be

shared.

In Chapter [, we contrasted several engineered-feature based and deep representa-
tions for the classification of genetic disorders. First, we investigated improvements
upon engineered-feature based descriptors from Ferry et al.| (2014). The shape
descriptor was improved by improving the accuracy of automatic landmark place-
ment on the face using SDM. The appearance descriptor was improved upon using
Fisher vectors to densely describe the face. While both of our improvements
outperform previous work, the joint use of shape and appearance descriptors with
late data fusion was shown to perform better than individual descriptors. Lastly, we
adapted deep neural networks to our classification task using transfer learning. The
VGG-M, ResNet50, and SENet50 networks were compared. SENet50, pre-trained
on VGGFace2, and fine-tuned on the training dataset of LSITW outperformed
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all engineered-feature based methods significantly. This shows that even smaller

datasets can leverage the power of deep learning.

In Chapter |5 presented a novel approach for removing multiple known dataset
biases or spurious variations from a deep neural network. We demonstrated our
algorithm’s efficacy on face classification tasks of age, ancestral origin, pose and
gender. The resulting feature representations remained informative for one task,
whilst simultaneously being uninformative for the others. We demonstrated that our
algorithm allows networks trained on biased data to generalize better to unbiased
settings, by removing known biases from the feature representation of the network.
Our algorithm can make use of multiple datasets, each describing a source of
variation (e.g. age, gender, ancestral origin) that needs to be removed from a
feature representation, trained for a primary task (e.g. detecting genetic disorders).
This work can be used to train CNNs on small datasets or those that contain biases,

and control which factors should not influence their feature representation.

In Chapter [0, we introduced an image augmentation method with two different
types of interpolation between faces. First, we interpolated between images within a
class. This was shown to improve classification accuracies of a ResNet50 network on
the LSITW test dataset from 90.6% to 92.5%. Training with sigmoid-weighting of
the appearance contribution of either image with respect to the shape contribution
resulted in better classifications. We then conducted further fine-tuning with
between-class interpolations with triplet networks. These were shown to improve the
generalisation performance of embeddings learned using classification or prototypical
networks. We developed a novel face embedding for encoding phenotype information,
the Interpolated Clinical Face Phenotype Space (I-CFPS), which was trained on
patients images for 16 syndromes from several clinical datasets. The I-CFPS was
used to compute embeddings for images in the clinical DDD dataset of disorders
that were not seen during training. We showed that patients sharing genetic variants

clustered closer than random chance. This confirmed our hypothesis, that face
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interpolations within and between classes can be used to improve generalisation

beyond seen syndromes.

7.2 Suggestions for Further Work

There are a number of exciting avenues of research that could constitute future

research directions.

Profile faces and including the cranium. The research in this thesis was
focused on the use of frontal faces. Profile faces, however, also contain significant
information about genetic disorders that cannot be captured using 2-dimensional
frontal images. An extension of our work would be to procure a dataset that includes
profile faces of individuals with genetic disorders. This could then be used to create
profile face averages with a profile face landmark annotation model. Currently, the
cranium cannot be accurately averaged with our averaging algorithm, as we did not
have an annotation algorithm with cranial landmarks. As changes in cranium shape
and size can be clinically relevant, training a landmark annotator that includes
landmarks on the cranium could result in more informative average faces. Profile
images could also be added as an additional set of face parts to the part-based

classification approach in Chapter [4]

3-dimensional images. The cost of 3-dimensional photography is constantly
reducing, with many consumer smart-phones now containing depth sensors and
multiple cameras. This adds a wealth of data that can be used to better describe
the face, which, is not possible from frontal 2-dimensional imagery. This makes the
case for developing algorithms for “ordinary” 3-dimensional imagery, that are not
captured under controlled settings. The algorithms in this thesis can be extended
to use 3-dimensional imagery, e.g. to create 3-dimensional average faces using x,y,z

coordinates or 3-dimensional CNNs for deep feature extraction.
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Generating deep averages. Our average faces algorithm (Chapter |3) currently
relies on geometric transformation in the image space. There have been significant
advancements in the field of generative adversarial networks (GAN) for the purposes
of generating high-quality faces (Karras et al.; [2018). Latent space perturbations in
the CNN could be used to create faces that retain syndrome characteristics, but
new, fake identities. Applying attributes by varying latent space variables, as in
Choi et al.| (2017); Gou et al. (2019) could also be used to create transitions between
disorders, or to apply the facial characteristics of certain disorders on control faces
to visualise their effects. However, existing work relies on large datasets and the
lack of training data in the domain of genetic disorders will prove to be a significant

challenge.

Ensemble models. The outputs of each part-based model from Chapter 4] are
currently weighted equally. This could be extended by training ensemble models
(Sharkey, [1999)), where all face-part networks can be learned together, to take into
account the different strengths and weaknesses for each face part in classifying
certain syndromes. This even allows fo the use of multiple architectures in an
ensemble (Minetto et al., [2018). The I-CFPS embedding training, introduced in
Chapter [6] could then be built by combining the deep face embeddings of each face
part. A fully connected layer could be used to learn the optimal fusion between

each face part embedding to create a single face embedding.

Removing biases for genetic disorder classification. We envisage our bias
removal algorithm (Chapter [5)) being used to mitigate the effects of dataset bias
in clinical face datasets. A number of spurious variations can affect the feature
representations learned by a CNN. For example, a group of patients photographed
at a hospital in northern Europe may all share a single ancestral origin. The
removal of this signal using our LAOFIW dataset (Section could improve
the generalisation performance of genetic face classifiers to other ancestral origins.

Similarly, if multiple related individuals are present in a small dataset for a disorder,
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the kinship signal may incorrectly be interpreted to be useful to characterise the
phenotype of the disorder. The use of our bias removal algorithm with a kinship
database, e.g. [Dawson et al. (2018]), constitutes an interesting approach to mitigate
this problem. We would also like to investigate the effects of removing age and gender
signals from classifiers using the cleaned IMDB dataset (Section . Additionally,
the use of domain confusion (Tzeng et al. [2015)) to make networks agnostic to which
dataset an image was drawn from may mitigate the effects of environment factors,
e.g. background or lighting conditions, to bias the feature representation of a CNN.
Visualising which part of the image was used for classification, as in Burns et al.
(2018), could be used to assess whether the bias removal was successful.

The effect of unlearning these spurious variations to improve the I-CFPS could
also be investigated. The results could be compared to that of the networks that
were trained without explicit bias removal (Section , to investigate whether

generalisation to unseen syndromes would improve.

Using interpolations to create robust face templates. Combining feature
representations of multiple images of individuals has been used to reduce the effects of
inter-image variability (Klare et al., 2015). As an extension, our interpolation-based
image augmentation method in Section [6] could also be used at test time to create
average feature representations. Instead of averaging the feature representations
of several disjointed images, the space between them could be interpolated. The

resulting average face representation may be more robust to noise.

Clinical translation. The work in this thesis shows that there is significant
potential to make use of computer vision algorithms to aid clinicians in the facial
detection of genetic disorders. When clinicians narrow down diagnosis to several
known syndromes, our classifiers can be used to identify which one is most likely
present. However, more work needs to be done to curate more comprehensive
datasets. These would allow for more classification models that can detect more

syndromes, and a more generalised I-CFPS; to help find patients that share clinically
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relevant phenotypes. The predictions from our models can not yet be used as clear

diagnoses, but may serve as guidelines, to support clinicians.
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